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ABSTRACT 
 
Lignin is the second most abundant terrestrial biopolymer in the world and provides 
structural strength to plants. The maize brown midrib (bm) mutants accumulate less and 
altered lignin relative to non-mutants. Maize bm4-encoded folylpolyglutamate synthase 
functions to generate the preferred substrate of folate-dependent enzymes, such as bm2-
encoded methylenetetrahydrofolate reductase. Consistent with bm4’s predicted function 
upstream of bm2, both mutants display a 7-10% reduction in lignin content and a 16-40% 
increase in S/G lignin ratio relative to wild-type. This interplay between lignin biosynthesis 
and various metabolic processes is also seen between lignin and stover carbon emission. As 
climate change intensifies, the continued accumulation of CO2 in the atmosphere poses 
potentially irreversible threats to the environment and economy. Exploiting the natural 
carbon cycle of plants to sequester excess atmospheric C in the soil is a promising strategy 
for climate remediation. To assess the potential of this approach, stover from over 6,000 
maize and sorghum genotypes was incubated in soil and assayed for C emission. While 
compositional traits, such as lignin, explain up to 48% of variation in C emission, 
environment still plays a major role. Dynamics of C emission vary across environments and 
seem to be, at least partially, controlled by the age and lignin content of the stover assayed. 
Despite environmental influence on C emission, adequate genetic control exists for this trait 
to allow for moderate heritability estimates and genomic prediction accuracy. Additionally, 
GWAS for C emission identifies numerous promising candidate genes that could serve as 
breeding targets for generating varieties with enhanced carbon sequestration potential.  
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CHAPTER 1.  GENERAL INTRODUCTION 
 
Dissertation Organization 
This dissertation consists of a general introduction (Chapter 1), three journal articles 
(Chapters 2-4), and general conclusions (Chapter 5). The paper in Chapter 2, which details 
the cloning of maize brown midrib2,  has been published in The Plant Journal (2014 77: 380-
392). My contributions included lignin assays, phylogenetic analyses, manuscript editing, 
and handling the full review and proofing process with the guidance of Dr. Schnable. 
Chapter 3 details the cloning of maize brown midrib4 and has also been published in The 
Plant Journal (2015 81: 493-504). My contributions included lignin assays, yeast 
complementation, in silico analyses, and writing the manuscript under the guidance of Dr. 
Schnable. The co-first author, Dr. Li Li, performed the mapping and validation experiments 
and contributed to writing the manuscript. The paper in Chapter 4 that explores the genetic 
and environmental control of carbon emission from plant stover will be submitted for 
review soon. My contributions included experimental design and method development, 
supervision of phenotyping, biochemical assays, data processing and analysis, GWAS and 
genomic prediction, and writing the manuscript with Dr. Schnable. Drs. Nettleton and 
Castellano provided invaluable guidance on statistical analyses and C emission phenotyping, 
respectively.  
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Introduction 
Lignin and the maize brown midribs 
Lignin is a heteropolymer component of plant secondary cell walls and the second 
most abundant terrestrial biopolymer in the world with approximately 30% of the carbon 
fixed by terrestrial plants incorporated into lignin (Boerjan et al., 2003). Lignin provides 
structural strength to plants and its recalcitrance contributes to resistance to some pests 
and pathogens (Boerjan et al., 2003; Barriere et al., 2007). This recalcitrance, however, also 
contributes to reduced biofuel yield from lignocellulosic biomass and digestibility of 
ruminant feedstocks (Boerjan et al., 2003). In grasses, phenylalanine and/or tyrosine is used 
to synthesize three distinct forms of lignin: guaiacyl (G), syringyl (S), and p-hydroxyphenyl 
(H) lignin. These lignins are produced from the polymerization of the individual monolignols 
coniferyl alcohol, sinapyl alcohol, and p-coumaryl alcohol, respectively (Cesarino et al., 
2016). Polymerization occurs via radical coupling catalyzed by laccases/peroxidases 
(Cesarino et al., 2016). The flavonoid monomer, tricin, acts to initiate the lignin polymer 
chain (Lan et al., 2015).  
Within the lignin biosynthetic pathway, the pathway branches at the enzyme p-
hydroxycinnamoyl-CoA:quinate/shikimate p-hydroxycinnamoyltransferase (HCT) from H 
lignin synthesis to G and S lignin synthesis. Once building blocks are committed to the G and 
S branch, another branch occurs at coniferaldehyde with cinnamyl alcohol dehydrogenase 
(CAD) activity leading to G lignin and ferulate 5-hydroxylase (F5H) activity leading to S lignin. 
In grasses, lignin is primarily composed of G and S units with trace H units (Cesarino et al., 
2016). The exact processes determining which and in what amounts lignins are synthesized 
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is still unclear, but regulation of expression of genes encoding lignin biosynthetic and 
polymerization enzymes is likely to play an important role. Indeed, despite over a century’s 
worth of research, significant advances are still being made into lignin biosynthesis. Shen et 
al. (2002) found that knocking out S-adenosyl-L-methionine (SAM) synthetase, an enzyme 
necessary to creation of the critical methyl donor SAM, suppressed lignin biosynthesis. In 
vanilla orchid, Chen et al. (2012a) first reported the discovery of C lignin, which is generated 
by diverting the G and S lignin branch into the C lignin monolignol caffeyl alcohol (Cesarino 
et al., 2016). 
Mutants for lignin content and composition provide promising opportunities to 
uncover previously unknown controls of lignin. The brown midribs of maize (bm) and 
sorghum (bmr) are a set of Mendelian recessive mutants characterized by the reddish-
brown pigmentation of their leaf midribs and their effects on lignin content and 
composition. To date, six non-allelic bm mutants have been described in maize (Vignols et 
al., 1995; Halpin et al., 1998; Chen et al., 2012b; Tang et al., 2014; Li 2015; Méchin et al., 
2015), but only two had been cloned (bm1 and bm3) prior to the results presented in 
Chapters 2 and 3. Because the bm1 and bm3 genes encode enzymes directly involved in 
lignin biosynthesis, there is obvious gain for cloning the remaining brown midribs.  
 
NGS-enabled strategies for gene cloning 
Classically, causal genes underlying mutant phenotypes, such as the brown midribs, 
have been cloned via map-based cloning. Map-based cloning involves iterative scanning of 
the genome for genetic markers (e.g. RFLPs, SNPs, etc.) that co-segregate with the 
4 
 
phenotype of interest. To progressively narrow the candidate interval around the causal 
locus, many more individuals are needed to produce rare recombination events between 
the causal locus and markers closely linked to it. Bulked segregant analysis (BSA) offers a 
more efficient alternative to traditional map-based cloning by scanning DNA from separate 
pools of wild-type (WT) and mutant plants generated from the same biparental cross for 
markers that co-segregate with the trait (Gallavotti and Whipple, 2015). 
While map-based cloning approaches have sufficed for identifying causal genes, next 
generation sequencing technologies have enabled the development of approaches that 
allow rapid cloning of genes. Bulked-segregant RNA-Seq (BSR-Seq) combines the use of WT 
and mutant pools from BSA with identification of polymorphic markers (i.e. SNPs) by RNA-
Seq. In BSR-Seq, the linkage probability for each SNP – that is, the probability of a SNP 
exhibiting complete linkage disequilibrium with the causal gene – is calculated and plotted 
against each SNP’s physical position (Liu et al., 2012). The result is generally a peak in SNP 
linkage probability within a genomic region containing the causal locus (similar in fashion to 
a GWAS Manhattan plot).  
Another NGS-enabled approach, Seq-Walking, identifies novel Mutator (Mu) 
transposon inserts in Mu insertion mutants relative to WT by comparing sequencing results 
between the two (Li et al., 2013). The Mutator system was first described in maize by 
Robertson in 1978. The autonomous element, MuDR, (Hershberger et al., 1991; Chomet et 
al., 1991; Qin et al., 1991) acts to transpose various non-autonomous Mu elements (Walbot 
1991; Tan et al., 2011). Due to their preference for genic regions (Bennetzen et al., 1993; 
Dietrich et al., 2002) and high mutation rates, (Robertson 1978) the UniformMu (UFMu) 
5 
 
population was developed by McCarty et al. (2005) for the purpose of reverse genetics in 
maize. In the UFMu population, highly active MuDR transposons were introgressed into the 
W22 inbred with stable Mu insert mutants generated by later segregating out the active 
MuDR (McCarty et al. 2005). 
 
Atmospheric CO2 accumulation and soil carbon sequestration 
According to the Intergovernmental Panel on Climate Change (IPCC), global climate 
change driven by rising levels of atmospheric CO2 will pose imminent and possibly 
irreversible threats to agricultural and other ecological and economic systems (Core Writing 
Team, 2015). The IPCC and the National Academy of Sciences (NAS) have reported on the 
potential of soil-based carbon sequestration to mitigate climate change (Metz et al., 2005; 
Committee on Geoengineering Climate, 2015). As a consequence of tillage-induced 
stimulation of microbial growth, over the last century the carbon content of Midwestern 
agricultural soils has decreased by 40% (Donigian Jr. et al., 1994; Matson et al., 1997; 
Committee on Geoengineering Climate, 2015). The 50-66% of this lost organic matter that 
can be restored (Lal, 2004) represents a potential carbon sink. Thus, exploiting the natural 
carbon cycle of plants to sequester excess atmospheric C in the soil is a promising strategy 
for climate remediation. 
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Challenges in measuring C sequestration 
To estimate carbon sequestration of plant tissue, it is often more cost-effective and 
straight-forward to quantify the decay of plant tissues in the soil by soil microbes. In the 
soil, plant tissue is attacked and broken down by soil microbes. During this process, some of 
the C from the plant tissue is incorporated into soil organic matter, while the rest is 
eventually released back into the atmosphere as CO2 (Donigian Jr. et al., 1994). In field 
settings, tissue decay is often calculated as the mass loss in buried litter bags (bags 
containing plant tissue) over time. This method, however, is obviously sensitive to weather 
patterns and also subject to spontaneous microbial and fungal ingrowth, which can affect 
mass loss calculations (Berg and McClaugherty, 2008). Alternatively, decay can be measured 
as CO2-derived C emission from plant tissue by microbial activity. This approach allows 
frequent tracking of C emission and decay dynamics over time (Walela et al., 2014). This, 
along with the ease of application in a controlled laboratory setting, makes this approach 
attractive for high-throughput adaptation for genome wide association studies (GWAS). 
 
Compositional traits and C emission 
Compositional components of plant tissue have been previously linked to 
differences in C emission among species or tissues within a species. In particular, lignin is 
known to reduce carbon emission from plant tissues, a feature likely owed to its general 
recalcitrance to microbial degradation. Other compositional traits, such as N and cellulose 
content, have been shown to increase carbon emission through stimulation of microbial 
activity (Franck et al.,1997; Gorissen and Cotrufo, 2000; Johnson et al., 2007; Leroy et al., 
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2007; Walela et al., 2014). Over time, as plant tissue decays, the relative concentrations of 
its different compositional traits changes. As a result, the relative influence of these traits 
on carbon emission also changes over time (Baldock et al., 1997; Wang et al., 2004; Berg 
and McClaugherty, 2008). 
 
GWAS Strategies 
Although interspecific variation in C emission has been extensively documented 
(Franck et al.,1997; Gorissen and Cotrufo, 2000; Wang et al., 2004), there have been no 
large-scale studies of the intraspecific variation in C emission. Given appropriate high-
throughput methods, GWAS has the potential to identify potential breeding targets for C 
emission. Various GWAS models have been proposed and utilized in plant research with the 
most commonly used being the mixed linear model (MLM) approach. The MLM model fits 
each marker to the observed phenotypes separately while controlling for population 
structure and false positives with a Q matrix of fixed effects and a K matrix of random 
genetic effects (Liu et al., 2016). However, because each marker is also used in calculation 
of the Q and K matrices, the MLM model overcorrects for traits associated with population 
structure. To address this issue, the FarmCPU model created by Liu et al. (2016) separates 
the modeling of markers and the estimation of kinship into two separate steps, which 
allows for the control of false positives and population structure without confounding the 
genetic marker being tested with those used as covariates or to calculate kinship (Liu et al., 
2016). 
  
8 
 
Research Goals 
Expanding knowledge of lignin biosynthesis by cloning maize brown midrib mutants 
Despite extensive existing knowledge of lignin biosynthesis in both dicots and 
monocots (Vanholme et al., 2010; Cesarino et al., 2016), there is still much to uncover as 
evidenced by the recent discoveries of tricin and C lignin (Lan et al., 2015; Chen et al., 
2012a). In pursuit of new insights into lignin biosynthesis, the first goal of this research was 
to characterize and clone existing maize brown midrib mutants, which consistently impact 
lignin content and composition (Chapters 2 and 3). 
 
High throughput phenotyping of carbon emission from plant stover 
Although the existence of interspecific variation in C emission has been well 
documented (Franck et al., 1997; Gorissen and Cotrufo, 2000; Wang et al., 2004), there 
have been no large-scale studies of the intraspecific variation in C emission, likely due to the 
absence of high-throughput methods for measuring C emission. Carbon emission from soil 
has been assessed using various low-throughput techniques of varying sensitivity. 
Depending on the needs of the research, these may be performed in lab or in the field for 
periods of time ranging from weeks to years. While field-based approaches represent a 
more real-world scenario, strong environmental variation has the potential to mask 
variation caused by genotype. In order to allow for rapid phenotyping of thousands of 
samples with the focus being on assaying genotypic variation, the second goal of this 
research was to develop and implement a high-throughput lab-based approach for 
measuring carbon emission (Chapter 4). 
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Environment, C emission, and compositional traits  
The correlation of C emission from plant tissue and the composition of said tissue 
has been well documented in studies that have utilized few genotypes of one species or 
single genotypes of a variety of species (Franck et al., 1997; Gorrisen and Cotrufo, 2000; 
Johnson et al., 2007; LeRoy et al., 2007; Walela et al., 2014). Despite the observations that C 
emission and compositional traits also vary across environments (Aerts, 1997; Franck et al., 
1997; Gorrisen and Cotrufo, 2000), no large-scale study has been performed to assess how 
environment may affect the relationship of these traits within a single species. Thus, the 
third goal of this research is to observe how environment affects C emission, its correlated 
compositional traits, and the relationship between the two (Chapter 4).  
 
Genetic control of C emission from crop tissue 
While previous studies have reported on the significance of genotype to intraspecific 
C emission (Bandau et al., 2017; Li et al., 2017), there are still no current reports on the 
specific genetic determinants of C emission and how these may relate to known 
biochemical effectors of C emission (i.e. lignin content, N content, etc.). Thus, the fourth 
goal of this research is to identify specific candidate genes underlying this trait using 
genome wide association studies as well as assessing the potential for breeding with 
genomic prediction analyses (Chapter 4). 
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CHAPTER 2.  THE MAIZE BROWN MIDRIB2 (BM2) GENE ENCODES A FUNCTIONAL 
METHYLENETETRAHYDROFOLATE REDUCTASE THAT CONTRIBUTES TO LIGNIN 
ACCUMULATION 
A paper published in The Plant Journalƪ 
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Abstract 
The midribs of maize brown midrib (bm) mutants exhibit a reddish-brown color 
associated with reductions in lignin concentration and alterations in lignin composition. 
Here, we report the mapping, cloning, and functional and biochemical analyses of the bm2 
gene. The bm2 gene was mapped to a small region of chromosome 1 that contains a 
putative methylenetetrahydrofolate reductase (MTHFR) gene, which is down-regulated in 
bm2 mutant plants. Analyses of multiple Mu-induced bm2-Mu mutant alleles confirmed 
that this constitutively expressed gene is bm2. Yeast complementation experiments and a 
previously published biochemical characterization show that the bm2 gene encodes a 
functional MTHFR. Quantitative RT-PCR analyses demonstrated that the bm2 mutants 
accumulate substantially reduced levels of bm2 transcript. Alteration of MTHFR function is 
expected to influence accumulation of the methyl donor S-adenosyl-L-methionine (SAM). 
Because SAM is consumed by two methyltransferases in the lignin pathway (Ye et al., 1994), 
the finding that bm2 encodes a functional MTHFR is consistent with its lignin phenotype. 
Consistent with this functional assignment of bm2, the expression patterns of genes in a 
variety of SAM-dependent or -related pathways, including lignin biosynthesis, are altered in 
the bm2 mutant. Biochemical assays confirmed that bm2 mutants accumulate reduced 
levels of lignin with altered composition compared to wild-type. Hence, this study 
demonstrates a role for MTHFR in lignin biosynthesis.  
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Introduction 
Lignin is a heterogeneous aromatic polymer that is a major component of cell walls. 
It plays a critical role in the structural integrity of vascular plants (Sarkanen and Ludwig, 
1971). In lignified tissues, lignin is heavily cross-linked with cellulose and hemicelluloses to 
provide protection and strength, and also increases the resistance of biomass to enzymatic 
digestion by ruminants, bacteria and fungi (Sarkanen and Ludwig, 1971). This high level of 
resistance to enzymatic digestion has a negative effect on forage quality and cellulosic 
biofuel production (Ragauskas et al., 2006; Penning et al., 2009), reducing the efficiency by 
which lignocellulosic biomass is converted to biofuels such as ethanol (Fu et al., 2011). In 
contrast, a reduction in lignin content significantly improves digestibility and animal 
performance. Reduced lignin content of livestock feed also reduces animal waste (Jung and 
Vogel, 1986). Therefore, an understanding of the mechanisms that regulate lignin 
accumulation has the potential to provide important insights that may be used to improve 
the quality of biomass and forage crops.  
Maize (Zea mays ssp. mays L.) is a widely grown and highly productive food, feed 
and biofuel crop (Doebley et al., 2006; Tang et al., 2010). Brown midrib (bm) mutants are 
characterized by the reddish-brown color of their leaf midribs (Sattler et al., 2010). The bm 
phenotype of maize was first reported over 80 years ago (Jorgenson, 1931), and it is now 
clear that this phenotype is associated with reduced lignin concentrations (Grand et al., 
1985; Cherney et al., 1991; Sattler et al., 2010). To date, six bm mutants have been 
identified. The bm1, bm2, bm3, bm4, bm5 and bm6 loci are located on chromosomes 5, 1, 
4, 9, 5 and 2, respectively (Chen et al., 2012; Lawrence et al., 2005; Sattler et al., 2010). The 
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bm1 and bm3 genes encode cinnamyl alcohol dehydrogenase (CAD) (Barrière et al., 2013; 
Halpin et al., 1998) and caffeic acid O-methyltransferase (COMT) (Vignols et al., 1995), 
respectively. Both play key roles in lignin biosynthesis. The roles of the other four bm genes 
in lignin biosynthesis are not clear. Therefore, cloning the remaining bm genes is expected 
to provide insights into the regulation of lignin biosynthesis.  
In this study, a candidate bm2 gene was identified via a map-based approach. 
Analyses of multiple independent Mutator transposon insertion alleles confirmed that the 
candidate gene is indeed bm2. A yeast complementation experiment demonstrated that, as 
predicted based on its sequence, bm2 encodes a functional methylenetetrahydrofolate 
reductase (MTHFR, EC 1.5.1.20). Alteration of MTHFR function is expected to influence 
accumulation of the methyl donor S-adenosyl-L-methionine (SAM). An RNA-Seq experiment 
demonstrated that the bm2 mutation significantly affects expression of genes involved in 
several SAM-related metabolic pathways, including the lignin/phenylpropanoid pathway, 
ethylene and jasmonate metabolism, and glutathione S-transferase (GST) genes. 
Collectively, these results demonstrate a role for MTHFR in the lignin biosynthetic pathway.   
 
Results 
Characterization of the bm2 mutant phenotype and lignin content in various tissues 
The bm2 mutant was originally identified by its brown pigmentation in the leaf 
midrib (Neuffer et al., 1968), a description that is consistent with our observations of the 
bm2-ref allele. In the genetic backgrounds used in this study, bm2-ref mutants first exhibit a 
reddish-brown pigmentation of the leaf midrib beginning at the 6–8-leaf stage, 
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approximately 27 days after planting (Figure 1a). The reddish-brown pigmentation observed 
on both the adaxial and abaxial surfaces of mutant leaves was not observed in non-mutant 
siblings (Figure 1a).  
In addition to these biochemical assays, bm2 mutant samples from various tissues 
were stained with phloroglucinol, which detects lignin (Wardrop, 1971). In B73 and non-
mutant sibling maize, the midrib, epidermis and tissues around vascular bundles stain red 
with phloroglucinol, thereby demonstrating lignification of these tissues. However, in the 
bm2 mutant, these tissues stain only weakly. Although there are no observable alterations 
in the anatomy of stems and roots associated with the bm2 mutant, significant differences 
in phloroglucinol staining were detected in these tissues. In B73 and non-mutant sibling 
stems and roots, strong phloroglucinol staining was detected at xylem vessels and 
epidermis, whereas bm2 mutant tissues exhibited reduced staining. These phloroglucinol 
staining results are consistent with previous reports (Vermerris and Boon, 2001; Marita et 
al., 2003; Sattler et al., 2010) indicating that lignin levels are lower in the bm2 mutant 
compared to non-mutant controls (Figure 1b).  
Mutant bm2 plants have also been reported to accumulate reduced lignin 
concentrations and levels of G-lignin (Vermerris and Boon, 2001; Marita et al., 2003; Sattler 
et al., 2010). However, the reports are inconsistent with respect to the effect of the bm2 
mutation on concentrations of S-lignin (Vermerris and Boon, 2001; Marita et al., 2003; 
Saballos et al., 2009; Sattler et al., 2010; Vermerris et al., 2010). In some instances, S-lignin 
concentrations have been found to be lower in the bm2 mutant (Vermerris et al., 2010), but 
have been reported to be unchanged or even elevated in other cases (Vermerris and Boon, 
20 
 
2001; Marita et al., 2003; Barrière et al., 2004; Sattler et al., 2010). Due to this ambiguity, 
we re-analyzed the lignin in bm2 mutants.  
Classically, due to the interest in utilizing stover for feed, biochemical assays of lignin 
have classically been performed at or around the stage at which maize is harvested for 
silage (i.e. after anthesis, but before maturity). We were interested to determine whether 
lignin characteristics changed between this stage and senescence. We therefore 
determined Klason lignin and the lignin composition of bm2 mutant and non-mutant sibling 
(wild-type) stalks collected directly post-anthesis (PA) and post-senescence (PS). Consistent 
with literature, we found that mutant PA stalks accumulated only approximately 93% of the 
Klason lignin of wild-type siblings. Mutant PS samples exhibited similar reductions in lignin 
concentrations. Both mutant and wild-type PS samples accumulated more Klason lignin 
(approximately 112%) than the corresponding PA samples, showing that lignin continues to 
accumulate in stalks after flowering.  
Lignin is composed of at least three hydroxycinnamyl alcohol subunits (the 
monolignols p-coumaryl, coniferyl and sinapyl alcohol), resulting in hydroxyphenyl (H), 
guaiacyl (G) and syringyl (S) types of lignin, respectively (Whetten and Sederoff, 1995; 
Bonawitz and Chapple, 2010). In maize, H-lignin represents only a small fraction 
(approximately 2%) of total lignin (Barrière et al., 2007). Hence, the monolignol composition 
of lignin was measured as the µmol of S- or G-lignin per gram of dry stalk tissue. We found 
that the ratio of S- to G-lignin was elevated in the bm2 mutant compared to wild-type 
siblings at both stages of development. In agreement with the Klason lignin data, the 
absolute amounts of both S- and G-lignin were lower, on average, in mutant samples 
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relative to wild-type and PA samples relative to PS samples (Table 1). These results are 
consistent with a role for the bm2 gene in lignin biosynthesis.   
 
Mapping the bm2 gene 
The bm2 gene was previously mapped to the long arm of chromosome 1 
(www.maizegdb.org) (Neuffer et al., 1968; Lawrence et al., 2005). To map the bm2 gene to 
a higher resolution, we used a modification of bulked segregant analysis called bulked 
segregant RNA-Seq (BSR-Seq), which makes use of the quantitative feature of RNA-Seq (Liu 
et al., 2012). Briefly, RNA-Seq reads are generated from pools of bm2 mutants and non-
mutant (wild-type) siblings. Because of the digital nature of next-generation sequencing 
data, it is possible to perform de novo SNP discovery and quantitatively genotype bulked 
samples using the same RNA-Seq data.  
To generate a bm2 mapping population, a bm2-ref mutant plant was crossed to the 
non-mutant inbred line B73. A bm2-ref heterozygous individual was self-pollinated to 
generate an F2 segregating population. From this segregating population, tissue samples 
from siblings exhibiting the mutant and non-mutant phenotypes were combined into two 
separate pools and subjected to RNA-Seq (Experimental procedures). RNA-Seq reads were 
trimmed and aligned to the B73 reference genome (Schnable et al., 2009). In total, 46,289 
SNPs were identified and used for the BSR-Seq analysis.  
Via the BSR-Seq analysis, the bm2 gene was located to an approximately 2 Mbp 
region of chromosome 1 from 289–291 Mbp (Figure 2), which contains 83 genes in the 
filtered gene set (Table S1). Subsequently, 41 individuals from an F2 mapping population (n 
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= 537) that contained recombination events within this 2 Mbp interval were identified using 
two flanking SNP markers (Experimental procedures). Twelve additional SNP markers (Table 
S2) located within the 2 Mbp interval were used to narrow down the bm2 mapping interval 
to an approximately 0.5 Mbp region that contains 47 genes from the working gene set 
(Table S3). Only eight of these 47 genes are members of the more confidently defined 
‘filtered gene set’ (Table S4). Of the 47 genes, only one (GRMZM2G347056, which is not a 
member of the filtered gene set) exhibited significant down-regulation in mutant versus 
wild-type sibling samples as assayed via the RNA-Seq experiments described below (Dataset 
S1). This bm2 candidate gene encodes a putative methylenetetrahydrofolate reductase 
(MTHFR).  
A BLASTP (blast.ncbi.nlm.nih.gov/Blast.cgi) search of a variety of plants 
demonstrated that many dicots contain two apparently full-length MTHFR homologs, while 
grasses contain only a single apparently full-length MTHFR homolog (Figure S11).  
However, maize contains a second protein (AFW67208) encoded by the 
GRMZM2G034278 gene that exhibits 96% identity to the bm2-encoded protein, but with 
only 52% coverage. We initially hypothesized that this partial MTHFR gene may be part of a 
Pack-MULE, but it is not included among those identified in the B73 genome (RefGen_v1) by 
Jiang et al. (2011). 
 
Confirmation that the bm2 and MTHFR-encoding genes are one and the same 
To confirm that the candidate gene is the bm2 gene, additional bm2 mutant alleles 
were identified via a direct Mu transposon tagging experiment. A population of plants 
23 
 
derived from a cross of plants carrying an active Mu transposon system with plants 
homozygous for the bm2-ref allele was screened for Mu-induced bm2 mutant alleles 
(Experimental procedures). After screening 147,500 individuals, 11 plants were identified 
that exhibited the characteristic reddish-brown midribs of bm2 mutants (Figure S2). These 
individuals were PCR-screened using a Mu-specific primer together with mthfr-specific 
primers (Experimental procedures). Mu insertions were identified in the MTHFR-encoding 
gene in each of the 11 identified mutants, including a total of seven unique Mu insertion 
sites (Figure 2 and Figure S1). Although some mutants have identical Mu insertion sites (as 
has been observed previously, Dietrich et al., 2002), the design of our tagging experiment 
ensured that each mutant arose via an independent event. Homozygous bm2-Mu lines were 
generated for each of the 11 mutants (Experimental procedures), and phloroglucinol 
staining indicated that these individuals accumulate reduced levels of lignin (Figures S2 and 
S3), demonstrating that the MTHFR-encoding gene is indeed the bm2 gene. 
 
The bm2 gene is expressed constitutively 
To test whether the bm2 gene is specifically expressed in lignified tissues, we used 
the online tool, qTeller (qteller.com), to visualize its expression in a variety of organs at 
multiple stages of development (Figure S12). From this analysis, it is clear that the bm2 gene 
is expressed in almost all tissues assayed, including some that are not lignified (e.g. ovules, 
primordial apices and endosperm).  
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The accumulation of bm2 transcripts is dramatically reduced in bm2 mutants 
The RNA-Seq data from the BSR-Seq experiment indicated that the bm2 gene is 
down-regulated in midribs of the bm2-ref mutant relative to non-mutant sibling controls 
(Appendix S1). RT-PCR and quantitative RT-PCR performed on multiple biological replicates 
confirmed this pattern of differential expression in bm2-ref and bm2-Mu mutants compared 
to wild-type (B73 and non-mutant siblings). This down-regulation occurs in multiple tissues, 
including leaf, stem, root and midrib (Figure 3a,b and Figure S1D).  
Quantitative RT-PCR analysis of lines homozygous for each of our 11 bm2-Mu lines 
was performed on RNA extracted from two biological replicates of each genotype. The 
results showed that bm2 transcript accumulation was reduced to as little as 5% of B73 
expression in several of the bm2 mutants and to less than 10% in all but two of the mutants 
(Figure S1D). These results are in line with our expectations based on the fact that all of the 
bm2-Mu alleles contain Mu insertions within the coding region of the bm2 gene.  
The RT-PCR products from the bm2-ref allele were sequenced and compared to the 
B73 reference genome. Seven polymorphisms were identified in the bm2-ref allele relative 
to the B73 reference genome (Figure S4). One is a synonymous mutation in the coding 
region; the other six polymorphisms are located in the 3’ UTR (Figure S4). We hypothesized 
that the reduced accumulation of bm2 mRNA in the bm2-ref mutant may be the result of 
the 3’ UTR polymorphisms because the 3′ UTR plays a critical role in RNA stability (Gutierrez 
et al., 1999; Millevoi and Vagner, 2010).  
To test the stability of the bm2 mRNA from non-mutant (wild-type) and bm2-ref 
mutant siblings, the corresponding midrib tissues were exposed to the transcription 
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inhibitor actinomycin D (Sawicki and Godman, 1972; Experimental procedures). After a 12 h 
incubation of the tissues in the presence of actinomycin D, the level of bm2 mRNA in the 
bm2-ref tissue was reduced, while the level of the non-mutant control remained similar to 
its original level (Figure 3c). This finding demonstrates that the transcripts from the bm2-ref 
allele are less stable than non-mutant transcripts and are consistent with our hypothesis 
that the polymorphisms in the 3’ UTR in the bm2-ref allele reduce the stability of the 
MTHFR-encoding gene mRNA. 
 
The maize bm2 cDNA complements MET11 knockout yeast 
The maize bm2 gene shares 40% amino acid identity and 59% similarity with the 
yeast MET11 gene, which encodes a functional homolog of the human MTHFR protein 
(Figure S5). MTHFR catalyzes the conversion of 5,10-methylenetetrahydrofolate to 5-
methyltetrahydrofolate, a co-substrate for homocysteine re-methylation to methionine 
(Goyette et al., 1994; Vickers et al., 2006). Yeast lacking the endogenous MET11 gene are 
unable to grow on methionine-free medium (Shan et al., 1999). To test the hypothesis that 
the maize bm2 gene encodes a functional MTHFR enzyme, an MET11 knockout strain 
(met11) of yeast was used to test whether expression of the maize bm2 gene rescues met11 
yeast. As expected, wild-type yeast (MET11) but not the met11 strain grew in the absence 
of methionine (Figure 4). Further, consistent with a previous report (Shan et al., 1999), 
expression of the human MTHFR-encoding gene rescues met11 yeast in the present of 
galactose, which induces expression of the human MTHFR-encoding gene construct (Figure 
4). Significantly, when under the control of a galactose-inducible promoter, the non-mutant 
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bm2 cDNA also rescued met11 yeast in the presence of galactose, but not in the presence of 
glucose, which inhibits expression of bm2 in this construct (Figure 4). This finding 
demonstrates that the bm2 gene encodes a functional MTHFR.  
 
Transcriptomic analysis of a bm2 mutant 
We performed two independent RNA-Seq experiments. These experiments differed 
in terms of the age of plants harvested, the number of replicates analyzed, and the 
statistical cut-offs used to define differentially expressed genes. The first experiment (#1) 
included a single replication using 26-day-old midrib tissue. The second experiment (#2) 
included two biological replications of 38-day-old tissue (Tables S5–S7). In an effort to 
minimize false discovery, more stringent cut-offs were used in experiment #1 compared to 
the second experiment (#2) because the former did not include a biological replication.  
RNA-Seq experiment #1 identified 369 significantly differentially expressed genes 
with a >2-fold change between bm2 mutants and their wild-type siblings; of these, 242 
were up-regulated and 127 were down-regulated relative to wild-type. RNA-Seq experiment 
#2 identified 3,313 differentially expressed genes (Figures S6–S8 and Dataset S1). Nearly 
90% (n = 323) of the 369 differentially expressed genes from RNA-Seq experiment #1 (which 
lacked a biological replication) were also detected in RNA-Seq experiment #2 (Figure S9). 
The following functional analysis is based on the results of RNA-Seq experiment #2 that 
included two biological replicates. A pathway enrichment analysis of the 3,313 differentially 
expressed genes from RNA-Seq experiment #2 revealed statistically significant over-
representation of the following functional categories: lignin/phenylpropanoid (Figure S10), 
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hormone ethylene, hormone jasmonate and glutathione S-transferase (GST) gene families, 
and cytochrome P450s (Table S8).  
The p-coumaryl (H), coniferyl (G) and sinapyl (S) alcohol subunits of lignin are 
synthesized by enzymes in the phenylpropanoid pathway, including phenylalanine ammonia 
lyase (PAL), hydroxycinnamoyl CoA:shikimate hydroxycinnamoyl transferase (HCT), 4-
coumarate:CoA ligase (4CL), cinnamyl alcohol dehydrogenase (CAD), cinnamoyl CoA 
reductase (CCR), caffeoyl CoA 3-O-methyltransferase (CCoAOMT) and caffeic acid 3-O-
methyltransferase (COMT) (Lewis and Yamamoto, 1990; Tamasloukht et al., 2011). In RNA-
Seq experiment #2, 41 of 109 genes involved in the phenylpropanoid pathway are 
significantly differentially expressed between the bm2 mutants and wild-type sibling 
controls (Table 2). The majority of these significantly differentially expressed genes were 
up-regulated in bm2 mutants as compared to wild-type sibling controls. These included 
genes that encode members of the PAL, cinnamate-4-hydroxylase (C4H), HCT, CAD and 4CL 
families. Three CAD-encoding genes (GRMZM2G090980, GRMZM2G 443445 and 
AC234163.1_FG002), an HCT-encoding gene (GRMZM2G 089698) and a 4CL-encoding gene 
(GRMZM2G048522) were each up-regulated at least 16-fold in the bm2 mutant relative to 
the wild-type (Table 2). Interestingly, the cloned bm1 gene (GRMZM5G844562) that 
encodes CAD was down-regulated in the bm2 mutant.  
The bm2-encoded MTHFR enzyme is involved in the metabolism of methionine, a 
precursor of the methyl donor S-adenosyl-L-methionine (SAM). Two SAM-dependent 
methyltransferases, caffeoyl CoA 3-O-methyltransferase (CCoAOMT) and caffeic acid 3-O-
methyltransferase (COMT), participate in the phenylpropanoid pathway. However, among 
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nine genes that are annotated in MapMan (Thimm et al., 2004) as encoding these two 
methyltransferases, only one (GRMZM2G099363) was significantly down-regulated in the 
bm2 mutant relative to the wild-type siblings, and this exhibited only a small decrease 
(0.65-fold). Similarly, the previous cloned COMT-encoding gene bm3 (AC196475.3_FG004) 
was not significantly differentially expressed in our RNA-Seq experiments with a false 
discovery rate of ≤5% (Table S9). Two peroxidase genes (AC205413.4_FG001 and 
GRMZM2G126261) involved in lignin assembly were significantly up-regulated in the bm2 
mutant. One of them, AC205413.4_FG001, was up-regulated >16-fold (Appendix S1). 
Consistent with the role of peroxidases in polymerization of monolignols into lignin 
(Quiroga et al., 2000), the peroxidase family was enriched among the differentially 
expressed genes.  
 
Discussion 
Plants homozygous for bm2 mutations exhibit reddish-brown pigmentation of their 
leaf midribs, and also accumulate reduced lignin levels; the lignin that does accumulate has 
an altered composition as compared to non-mutant maize (Vermerris and Boon, 2001; 
Marita et al., 2003; Sattler et al., 2010). Here, we describe molecular characterization of the 
cloned bm2 gene. Analysis of multiple independent Mu-induced alleles of the bm2 gene 
demonstrated that the putative MTHFR-encoding gene located in this interval that is down-
regulated in the bm2 mutant is indeed the bm2 gene. Complementation studies performed 
in yeast demonstrate that the bm2 gene encodes a functional MTHFR. In addition, a 
previous study (Roje et al., 1999) showed that expression in MTHFR-deficient yeast strains 
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of a maize cDNA derived from what we now know is the bm2 gene displayed both forward 
and reverse MTHFR enzyme activities. This observation, in combination with our 
quantitative RT-PCR analysis of 11 bm2-Mu lines, suggests that the bm2 mutants have, at 
most, greatly reduced levels of MTHFR activity. 
 
Survival of bm2 mutants 
MTHFR plays a critical role in the biosynthesis of methionine (Goyette et al., 1994; 
Vickers et al., 2006), an essential sulfur-containing amino acid. Apart from its nutritional 
importance and central role in the initiation of mRNA translation, methionine indirectly 
regulates a variety of important cellular processes, including the biosynthesis of DNA, RNA, 
protein, lipid and hormones (Amir, 2010). Based on the essential role of this enzyme in 
yeast, it is predicted that knockout mutants of bm2 would be lethal. However, plants 
homozygous for the bm2-ref allele or any of the Mu insertion alleles are viable. Because 
methionine is an essential amino acid, the survival of these bm2 mutants suggests that they 
accumulate sufficient amounts of methionine. In our RNA-Seq analyses of bm2 mutants, 
genes associated with protein synthesis are under-represented among the differentially 
expressed genes, consistent with the hypothesis that protein synthesis is not disrupted in 
bm2 mutants (Table S8 and Appendix S1). There are at least two possible explanations for 
the viability of the bm2 mutants. First, the bm2 mutant alleles may be leaky. However, 
including both the reference and Mu insertion alleles, 12 bm2 mutant alleles have been 
identified; all are homozygous viable. It is unlikely that all of these are leaky, particularly as 
each of the 11 Mu-induced alleles contains a transposon insert in the coding region. If the 
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partial bm2 paralog GRMZM2G034278 (Figure S11) exhibits MTHFR activity, it is possible 
that in bm2 mutant plants GRMZM2G034278 may provide sufficient residual MTHFR activity 
to ensure survival but not normal accumulation of lignin. 
 
Role of the bm2 gene in lignin biosynthesis 
Consistent with previous reports (Vermerris and Boon, 2001; Marita et al., 2003; 
Barrière et al., 2004; Sattler et al., 2010), we found that the bm2 mutation reduces lignin 
accumulation (Table 1). We also found that lignin continues to accumulate after anthesis in 
both mutant and non-mutant sibling plants (Table 1).  
The bm2-encoded MTHFR generates 5-methyltetrahydrofolate, which is used in the 
methylation of homocysteine to generate methionine (Goyette et al., 1994; Vickers et al., 
2006). Subsequently, S-adenosyl-L-methionine (SAM) may be generated from methionine 
via the action of S-adenosylmethionine synthetase. It has previously been shown that 
knockout of the gene encoding S-adenosylmethionine synthetase suppresses lignin 
biosynthesis (Shen et al., 2002). Consistent with the fact that MTHFR is involved in the 
biosynthesis of SAM (Ravanel et al., 1998), a number of SAM-dependent or SAM-related 
functional sub-groups (i.e. ethylene hormone metabolism, simple phenols and 
phenylpropanoids) are preferentially affected in the bm2 mutant (Table S8) (Shen et al., 
2002). Two of these sub-groups (simple phenols and phenylpropanoids) are related to lignin 
biosynthesis. Indeed, many of the differentially expressed genes encode enzymes involved 
in lignin biosynthesis, such as PAL, HCT, ferulate-5-hydroxylase (F5H), CCoAOMT, CAD, C4H 
and 4CL (Table 2). Because SAM is consumed by both CCoAOMT and COMT (Ye et al., 1994), 
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alterations in the accumulation of SAM are expected to reduce the accumulation of both G- 
and S-lignin (Figure 5). Consistent with this expectation, our data confirm that the bm2 
mutant shows reduced accumulation of both G- and S-lignin (Vermerris and Boon, 2001; 
Marita et al., 2003; Saballos et al., 2009; Sattler et al., 2010; Vermerris et al., 2010). 
 
Experimental Procedures 
Genetic stocks 
Mutator-derived stocks originally obtained from Don Robertson (Iowa State 
University, Ames, IA, USA) have been maintained in the Schnable laboratory for many years. 
Various stocks carrying the brown midrib2 reference allele (bm2-ref) were obtained from 
the Maize Genetics Cooperation Stock Center (maizecoop.cropsci.uiuc.edu/). These include 
stock numbers 90-896-4/895-2, 93-706-5/705, 93-705-2/706 and 2000-1695-7/1695-4 
(Schnable Lab accession numbers Ac3247, Ac3246, Ac3245 and Ac3244, respectively).  
The full-length bm2 cDNA was PCR-amplified from each of these stocks using 
forward primer 5′-GTTATGAAGGTTATCGAGAAGATCCTGGAG-3′ (which includes the start 
codon) and reverse primer 5′-TCAGATCTTGAAGGCAGCAAACAGG-3′ (which includes the stop 
codon). The corresponding DNA fragments were then sequenced using the forward primers 
5′-ATGAAGGTTATCGAGAAGATC-3′, 5′-GATGCGATACAAGGCGAGGG-3′ and 5′-
GCGCTTCACAAACTTCTGTC-3′, and reverse primer 5′-GTAAAGGTGCAAAGTC TTAATGC-3′. 
Sequence analysis of full-length bm2 cDNAs amplified from these stocks did not detect any 
polymorphisms among the various bm2 mutant sources, suggesting that these stocks all 
carry the bm2-ref allele. 
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Mapping populations 
A bm2 mapping population was created by back-crossing homozygous bm2-ref 
mutant plants (Ac3247) as the male (pollen) parent onto the inbred line B73 (female parent) 
to generate F1 seeds. Multiple F1 plants were self-pollinated to create F2 seeds that were 
used in the fine-mapping experiments. The F2 seeds used in the BSR-Seq experiment were 
derived from a single F1 plant. 
 
Fine-scale mapping 
DNA was extracted from leaf tissues sampled from 537 F2 plants derived from a 
cross between B73 and bm2-ref homozygotes. SNPs identified during the BSR-Seq 
experiment (see below) and located within the mapping interval were sent to KBiosciences 
(now LGC Genomics, www.lgcgenomics.com) for KASPar SNP primer design 
(www.lgcgenomics.com/genotyping/kasp-genotyping-reagents/kaspassays- kbd-
kod/?id=69). The 537 individuals from the F2 mapping population were individually 
subjected to KASPar-based SNP genotyping (Cuppen, 2007) using the flanking SNP markers 
bm2-290599983 and bm2-291111263 (Table S2) to identify recombinants. Additional SNPs 
were used to similarly genotype recombinant plants to more precisely define the bm2 
mapping interval. 
 
Isolation of RNA for two independent RNA-Seq experiments 
For RNA-Seq experiment #1, F2 seeds from a single heterozygous individual 
(genotype Bm2/bm2-ref; Maize Genetics Cooperation Stock Center, stock center ID 90-896-
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4/895-2) (Schnable Lab accession number Ac3247) were grown in a greenhouse under 15 h 
light/9 h dark (27°C/24°C, 30% humidity). The light intensity was approximately 650–800 
µmol m-2 s-1. Leaf tissue samples were collected from 53 26-day-old phenotypically mutant 
plants and 53 phenotypically non-mutant plants. A 5.5 cm segment of leaf tissue (measured 
from the stem) was collected from the second youngest leaf from each individual plant. 
Corresponding midrib tissue samples were pooled for RNA extraction. RNA was extracted 
from tissues using RNeasy mini kits (Qiagen, www.qiagen.com) with DNase I treatment 
according to the manufacturer’s instructions. RNA quality was analyzed using a Bioanalyzer 
2100 RNA nanochip (Agilent Technologies, www.agilent.com) according to the 
manufacturer’s instructions. RNA-Seq libraries were constructed using an Illumina RNA-Seq 
sample preparation kit according to the manufacturer’s instructions (www.illumina.com). 
The libraries were sequenced on an Illumina Genome Analyzer II, generating approximately 
75 bp reads.  
Subsequently, a second RNA-Seq experiment (#2) was performed. F2 seeds from a 
heterozygous individual (genotype Bm2/bm2-ref) were grown. A 5.5 cm segment of leaf 
tissue (measured from the stem) was collected from the second youngest leaf of each 38-
day-old plant individual. Two biological replicates of mutant and wild-type sibling tissue 
samples were collected. In each replication, the midribs of leaf samples from 20 mutant and 
20 wild-type individuals were pooled separately for RNA extraction. This RNA-Seq 
experiment was similar to the first RNA-Seq experiment except that: (i) midribs were 
collected from 38-day-old plants rather than 26-day-old plants, (ii) midribs from 20 
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individuals were pooled in each sample, and (iii) 101 bp paired-end reads were generated 
on an Illumina HiSeq2000 instrument. 
 
Trimming and mapping of RNA-Seq reads 
Raw reads were subjected to quality checking and trimming to remove low-quality 
bases using a custom written trimming script (Liu et al., 2012). Trimming parameters were 
set similarly to the defaults for LUCY2 trimming software (Li and Chou, 2004). Trimmed 
reads were aligned to the B73 reference genome (B73Ref2) using GSNAP (Wu and Nacu, 
2010), and uniquely mapped reads (allowing two mismatches every 36 bp, and 3 bp tails per 
75 bp) were used for subsequent analyses. The read depth of each gene of the filtered gene 
set (ZmB73_5b_FGS, see ftp.maizesequence.org/current/filtered-set/ for files) was 
computed based on the coordinates of mapped and annotated locations of genes in the B73 
reference genome.  
 
Mapping bm2 via BSR-Seq 
Reads from the first RNA-Seq experiment were used to map bm2 via BSR-Seq (Liu et 
al., 2012). After aligning trimmed reads from the bm2 and wild-type sibling pools, SNPs 
were discovered and quantified at each SNP site in each sample pool (mutant and wildtype). 
Finally, a Bayesian-based bulked segregant analysis (BSR-Seq), which accounts for 
biological/technical variation, was used to map the bm2 gene (Liu et al., 2012). 
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Analysis of RNA-Seq experiment #1 
Normalization was performed using a method that corrects for biases introduced by 
RNA composition and differences in the total numbers of uniquely mapped reads in each 
sample (Robinson and Oshlack, 2010). Normalized read counts were used to calculate fold 
changes and statistical significance. Fisher’s exact test was used to test the null hypothesis 
that the expression level of a given gene is not different between the two samples. Because 
the first experiment did not include biological replication, statistically significant variation 
may be a consequence of either biological or technical variation in gene expression 
between a pair of samples. Genes identified as candidates for differential expression were 
further filtered using an absolute log2 fold change >1 and a q value cut-off of 0.00001 to 
account for multiple testing (Benjamini and Hochberg, 1995). These genes are referred to as 
‘significantly differentially expressed’ and were functionally classified using the MapMan 
functional classification system (Thimm et al., 2004). 
 
Analysis of the RNA-Seq experiment #2 
Genes with at least one uniquely mapped read across samples and at least two 
samples with positive read counts were tested for differential expression between the bm2 
mutant and wild-type sibling using the R package QuasiSeq (http://cran.r-
project.org/web/packages/QuasiSeq). The negative binomial QLSpline method 
implemented in the QuasiSeq package was used to calculate a P value for each gene (Lund 
et al., 2012). The 0.75 quantile of reads from each sample was used as the normalization 
factor (Bullard et al., 2010). A multiple test controlling approach (Nettleton et al., 2006) was 
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used to estimate the number of genes with true null hypotheses among all genes tested, 
and this estimate was used to convert the P values to q values (Storey, 2002). To obtain 
approximate control of the false discovery rate at 5%, genes with q values no larger than 
0.05 were considered differentially expressed. 
 
Enrichment analysis of significantly differentially expressed genes in RNA-Seq experiment 
#2 
Functional annotation of maize genes was downloaded from 
http://mapman.gabipd.org/. Similar to the PageMan enrichment analysis (Usadel et al., 
2006), Fisher’s exact test was used to test the null hypothesis of no enrichment of a certain 
functional group of genes in the set of differentially expressed genes. To avoid dependency 
of functional groups across various layers of annotation, which introduces complexity 
during multiple test control, we performed enrichment analysis for each annotation layer 
separately. 
 
Direct transposon (Mu) tagging of bm2 
Additional bm2 alleles were isolated from a forward genetic screen of approximately 
147 500 individuals generated by crossing active Mu stocks (genotype of Bm2/Bm2; Mu) as 
females with males homozygous for the bm2-ref allele. The male parent in this cross was 
derived from a mixture of the four stocks obtained from the Maize Genetics Cooperation 
Stock Center. A Mutator transposon-specific primer (MuTIR) and bm2 gene-specific primers 
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were used to analyze individuals that exhibited a brown midrib phenotype to identify 
Mutator insertion alleles in the bm2 gene (bm2-Mu) (Figure S1). 
 
Measurement of bm2 expression via quantitative RT-PCR 
Quantitative RT-PCR was performed on two biological replicates of 11 homozygous 
bm2-Mu lines and B73 (described above). Each biological replicate represents a pool of 
midrib tissue collected from 2 to 4 individual 1-month-old plants. Collection of midrib tissue 
was performed as described above. RNA was isolated and purified using RNeasy mini kits 
(Qiagen), before reverse transcription into cDNA using SuperScriptTM III reverse 
transcriptase (Invitrogen, www.lifetechnologies.com) according to the manufacturer’s 
instructions. qRT–PCR was performed using ABsoluteTM qPCR SYBR® Green Mix (Thermo 
Scientific) on Roche Lightcycler 480 quantitative PCR system (Roche, www.nimblegen.com). 
Quantitative RT-PCR data were analyzed using Roche LIGHTCYCLER 480 analysis software. 
The following PCR conditions were used to detect transcript levels: 2 min at 50°C, 10 min at 
95°C (pre-denaturation), 40 cycles of 15 sec at 95°C/1 min at 60°C 
(denaturation/annealing/amplification), with a temperature of 60°C for the melting curve 
start temperature. Ct values were calculated using the second derivative maximum method 
with baseline-corrected, 6-carboxy-X-rhodamine (ROX)-normalized parameters (for details, 
see LightCycler 480 Operator’s Manual accessible at icob.sinica. 
edu.tw/pubweb/Core%20Facilities/Data/R401-
core/LightCycler480%20II_Manual_V1.5.pdf). One plate was analyzed for each group of 
biological replicates. Each sample was analyzed using bm2 and glyceraldehyde-3-phosphate 
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dehydrogenase gene primers separately. Three technical replicates were analyzed for each 
reaction, and the mean Ct value of these three replicates was used for further data analysis. 
Standard curves for quantification were constructed based on four fivefold serial dilutions 
of B73 DNA with bm2 or glyceraldehyde-3-phosphate dehydrogenase gene primers. 
Samples were normalized using glyceraldehyde-3-phosphate dehydrogenase gene. The 
following primers were used for detection of the corresponding mRNAs: bm2 forward 
primer 5′-ATGATGGGTTCCGAGAATCA-3′ and reverse primer 5′-
GGATGTTCGACCTATATTCTGG-3′; glyceraldehyde-3-phosphate dehydrogenase gene forward 
primer 5′-GCTTCTCATGGATGGTTGCT-3′ and reverse primer 5′-CAGGAAGGGAAGCAAAAGTG-
3′. 
 
Phloroglucinol staining and light microscopy 
Midrib, stem and root tissue samples were hand-sectioned to a thickness of 200 µm 
using double-edge razors (Wilkinson Sword, www.wilkinsonsword.co.uk/), and stored in 
sterile distilled water for 2 h or less until sample sectioning was completed. Phloroglucinol 
staining was performed as described previously (Nakano and Meshitsuka, 1992). Briefly, 
phloroglucinol (Sigma-Aldrich, www.sigmaaldrich.com) was dissolved in 95% ethanol (Decon 
Laboratories Inc., www.deconlabs.com) to form a 2% stock solution. Immediately before 
use, concentrated hydrochloric acid (33% v/v) was mixed with the stock solution to form the 
phloroglucinol staining solution, which was directly applied to samples. Maize tissue 
samples were placed on glass slides (Thermo Fisher Scientific, www.thermofisher.com). 
Excess solution was removed from the glass slides using Kimwipes (Kimberly-Clark, 
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www.kimberlyclark. com). Phloroglucinol stain (300 µl) was applied to the samples for 30 
sec, with a cover glass (Corning, www.corning.com) on top. Additional phloroglucinol 
staining solution was added to the sample until it was fully covered by solution. Light 
images were captured using a Spot RT slider camera (Diagnostic Instruments Inc., 
www.spotimaging.com/) on a Nikon Eclipse E800 microscope 
(www.nikoninstruments.com/) at 20 x magnification, and analyzed using SPOT version 4.0.6 
software (Diagnostic Instruments Inc.). 
 
Actinomycin D treatment 
A small circular piece of the 2nd youngest leaf (approximately 0.02 g) of various 
genotypes was obtained using a hole punch. The samples were incubated in water (negative 
control), actinomycin D (50 µg ml-1) or DMSO (10 µl ml-1, solvent control) for 12 h at room 
temperature. Solutions were changed every 4 h. The samples were then subjected to RNA 
purification and RT-PCR. 
 
Yeast complementation assay 
Saccharomyces cerevisiae strains of the following genotypes were kindly provided by 
Warren D. Kruger (Division of Population Science, Fox Chase Cancer Center, Philadelphia, 
PA, USA) (Shan et al., 1999): W303-1A (wild-type, also labeled MET11: Mata, ade2-1, can1-
100, ura3-1, leu2-3, 112, trp1-1, his3-11,15) and XSY3-1A (Met11 knockout strain, also 
labeled met11: Mata, ade2-1, can1-100, ura3-1, leu2-3,112, trp1-1, his3-11,15, 
met11Δ::TRP1). The galactose-inducible human MTHFR expression plasmid phMTHFR 
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(which contains the human MTHFR-encoding cDNA inserted in phMV2.1 from Shan et al. 
1999) was also provided by Warren D. Kruger (Shan et al., 1999). To obtain wild-type maize 
bm2 cDNA, RNA was extracted from wild-type maize (B73), and then subjected to RT-PCR. 
The full-length (1,782 bp) wild-type maize bm2 cDNA was first amplified from B73 cDNA 
using forward primer 5′-GTTATGAAGGTTATCGAGAAGATCCTGGAG-3′ (including the start 
codon) and reverse primer 5′-TCAGATCTTGAAGGCAGCAAACAGG-3′ (including the stop 
codon). The fragment was cloned into the galactose-inducible expression plasmid 
pYES2.1/V5-His-TOPO using a pYES2.1 TOPO® TA expression kit (both supplied by Life 
Technologies, www.lifetechnologies.com/us/en/home.html). Plasmids were transformed 
into yeast using the S.c. EasyCompTM transformation kit (Invitrogen). The cloned fragment 
was then sequenced using forward primers 5′-ATGAAGGTTATCGAGAAGATC- 3′, 5′-
GATGCGATACAAGGCGAGGG-3′ and 5′-GCGCTTCACAAACTTCTGTC-3′, and reverse primer 5′-
GTAAAGGTGCAAAGTCTTAATGC-3′. To test the growth of the transformed yeast for 
complementation, yeast cells were inoculated on plates containing SD glucose -Met 
(control) or SD galactose -Met (to induce expression of the insert at the plasmid), which 
were then incubated at 30°C for 3 days. DIFCO brand SD base was supplied by BD 
Biosciences (www.bdbiosciences.com) and dropout supplements by Clontech 
(www.clontech.com). 
 
Klason lignin 
Entire non-mutant sibling and bm2-ref mutant whole stalks were destructively 
sampled for Klason lignin analysis post-anthesis (approximately 2 months after planting) 
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and post-senescence (approximately 5 months after planting) from field-grown F2 plants 
derived from a hybrid resulting from the cross of a bm2-ref mutant with B73. Stalks were 
cut at the first above-ground node, and leaves, tassels and ears were removed before air-
drying for several weeks. After drying, stalks were processed in a Wiley mill (Arthur H. 
Thomas Co., www.ahthomas.com) with a 1 mm filter, and the ground stover was further 
processed for 10 sec in a coffee grinder.  
Klason lignin was determined according to the protocol ‘Determination of Acid-
Insoluble Lignin in Biomass’ released by the Department of Energy’s National Renewable 
Energy Laboratory in 1995 (accessible at infohouse.p2ric.org/ref/40/39182.pdf). Standard 
acid hydrolysis was performed on 300 mg stalk stover in 72% H2SO4 at 30°C for 2 h and in 
4% H2SO4 at 121°C in an autoclave for 1 h. Acid-insoluble lignin was vacuum-filtered, dried 
and weighed. Total Klason lignin was determined by firing the solid for 3 h at 575°C and 
subtracting the resulting ash weight from the lignin weight. Grams of Klason lignin per gram 
of dry weight was calculated by dividing the total Klason lignin weight by the initial weight 
of dry matter used. 
 
Thioacidolysis 
Thioacidolysis of maize stover was performed as described previously (Robinson and 
Mansfield, 2009). The stover used for thioacidolysis came from the same plants as that used 
for Klason lignin analysis. For each sample, approximately 300 mg ground stover was 
extracted in 1 ml of a 35:4:1 solution of dioxane, ethanethiol and boron trifluoride for 4 h at 
100°C. After adjusting the pH with 500 µl of 0.4 M NaHCO3, 2 ml H2O, 200 µl of a 0.5 mg ml-1 
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tetracosane standard and 0.5 ml methylene chloride were added to each sample. Samples 
were then filtered over anhydrous Na2SO4, vacuum-dried and resuspended in 500 µl 
methylene chloride. A 40 µl aliquot of sample was derivatized for 2 h using 40 µl pyridine 
and 200 µl N,O-bis(thrimethylsily)trifluoroacetamide. After derivatization, samples were 
dried again under a nitrogen evaporator and resuspended in 500 µl chloroform before 
analysis by GC-MS.  
GC-MS was performed on an Agilent Technologies model 7890A instrument coupled 
to a model 5975C mass selective detector with autosampler, split-less injector and an 
Agilent HP-5MS capillary column (30 m length x 0.25 mm internal diameter, 0.25 µm 
particle size). The electron ionization voltage and interface temperature were set to 70 eV 
and 280°C, respectively. The injection volume was set at 1 µl, with helium as the carrier gas 
and a constant flow rate of 1 ml min-1. The initial temperature was set to 130°C, hold 3 min, 
ramp temperature 20°C min-1 to 240°C, ramp temperature 5°C min-1 to a final temperature 
of 320°C, which was held for 4 min.  
Using reconstructed ion chromatograms, S-lignin monomers were detected at m/z 
299 and 135 (molecular ion of 448), while G-lignin monomers were detected at m/z 269 and 
135 (molecular ion of 418). Like other grasses, maize accumulates very low amounts of H-
lignin. The minor peaks associated with H-lignin were not detected in this experiment. 
Tetracosane was detected at m/z 57 (Rolando et al., 1992). The amount of S- and G-lignin 
(µmol) was calculated by dividing the area of the S- or G-lignin peaks, respectively, by the 
tetracosane peak area, and multiplying by the number of moles of tetracosane standard 
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added. The number of µmoles of S- and G-lignin was then divided by the total weight of 
tissue used in the sample preparation. 
 
Phylogenetic analysis of BM2 
Orthologs of maize BM2 were identified using the National Center for Biotechnology 
Information Protein BLAST algorithm (blast.ncbi.nlm.nih.gov/Blast.cgi) on the maize bm2 
protein sequence. All parameters were default except the ‘expect’ threshold, which was set 
to 0.00001. The resulting 2,099 non-redundant protein sequences were narrowed down to 
18 land-plant RefSeqs with greater than 40% identity and coverage of the maize protein 
sequence. Because these proteins vary in length, a phylogenetic tree was constructed using 
only the conserved region of MTHFR, which corresponds to residues 167–350 of the BM2 
protein sequence. The tree was constructed in Jalview (www.jalview.org) via Blosum62 
(www.ncbi.nlm.nih.gov/Class/FieldGuide/BLOSUM62.txt) neighbor joining using a 
consensus sequence constructed from the 18 RefSeqs.  
 
Expression pattern of bm2 
The expression pattern for maize bm2 was visualized using the online tool qTeller 
(qTeller.com). The RNA-Seq data provided by qTeller (both published and unpublished) 
comes from a variety of sources throughout the maize community. More information on 
the origin of the datasets and in-house analysis of the data may be found on the qTeller 
website. 
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Figures 
 
 
 
Figure 1. Characterization of the bm2-ref mutant. (a) The left panels show greenhouse-
grown bm2 mutant (bm2-ref) and non-mutant sibling/wild-type (WT) maize. The right 
panels show adaxial and abaxial views of the midribs of bm2 mutant and WT maize. (b) 
Histochemical staining of lignin of tissue sections from B73, bm2 mutant and WT maize. 
Sections of midrib (I–III), stem (IV–VI) and root (VII–IX) were taken from B73 (I, IV, VII), bm2 
mutant (II, V, VIII) and non-mutant sibling (III, VI, IX) maize that had been stained with 
phloroglucinol. Scale bars = 100 µm. 
50 
 
 
 
 
Figure 2. bm2 mapping and cloning. (a) Mapping of bm2 via BSR-Seq. Each dot represents 
one SNP site. The x axis indicates the physical position (Mbp) of each SNP site on the 
indicated chromosomes. The y axis indicates the probability of complete linkage between 
an indicated SNP site and the bm2 gene. The mapping result is consistent with the reported 
position of the bm2 gene (as downloaded from MaizeGDB, www.maizegdb.org). (b) 
Transposon insertion sites in bm2-Mu alleles, including (I) bm2-Mu-10-7090B, (II) bm2-Mu-
10-7073G, (III1) bm2-Mu-10-7067E-2, (III2) bm2-Mu-10-7067A, (III3) bm2-Mu-10-7067E-1, 
(III4) bm2-Mu-10-7067F, (IV) bm2-Mu-10-7065G, (V) bm2-Mu-10-7061A, (VI1) bm2-Mu-10-
7049D, (VI2) bm2-Mu-10-7084F, and (VII) bm2-Mu-10-7045B. The corresponding 
histochemical staining of lignin of tissue sections is shown in Figure S2. Mu insertions are 
indicated by triangles. 
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Figure 3. MTHFR gene mRNA accumulation in bm2 mutants. (a) RT-PCR gel analysis of the 
accumulation of MTHFR gene mRNA in various tissues, including leaf, midrib and root of 
wild-type (WT) and bm2-ref (bm2, Schnable Lab accession number Ac3247 and stock 
number 11B-418-1) plants. (b) RT-PCR gel analysis of the accumulation of MTHFR gene 
mRNA in bm2 mutants in four distinct genetic backgrounds: bm2 [1] (Schnable Lab 
accession number Ac3247 and stock number 10B-611-16); bm2 [2] (Schnable Lab accession 
number Ac3247 and stock number 11-1051); bm2 [3] (Schnable Lab accession number 
Ac3244 and stock number 11-1049), B73 (Schnable Lab accession number Ac660 and stock 
number 10B-613-9) and non-mutant (WT, Schnable Lab accession number Ac3247 and stock 
number 10-611-50). (c) Accumulation of MTHFR gene mRNA in midribs of wild-type and 
bm2-ref (Schnable Lab accession number Ac3247 and stock number 11-1051) after or 
without treatment with actinomycin D (AMD, 50 µg ml-1, 12 h). Incubation of the 
corresponding tissues in water or DMSO served as mock experiments. Accumulation of 
mRNA for actin, cyclin or GAP served as a loading control. 
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Figure 4. Yeast complementation assay. Growth of yeast strains on plates containing yeast 
extract/peptone/dextrose (YPD, control), SD glucose -Met (control) or SD galactose -Met (to 
induce expression of the plasmid insert). MET11 (mock), wild-type yeast transformed with 
plasmid without insert; met11 (mock), MET11 knockout yeast transformed with empty 
plasmid; met11 (Bm2), MET11 knockout yeast transformed with plasmid containing maize 
mthfr; met11 (hMTHFR), MET11 knockout yeast transformed with plasmid containing 
human MTHFR (positive control of the complementation assay). 
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Figure 5. Relationship of bm2 to the lignin biosynthetic pathway. Modified biosynthetic 
pathway of monolignols (Bonawitz and Chapple, 2010; Vanholme et al., 2010). The MTHFR 
(BM2) enzyme catalyzes the conversion of 5,10-methylenetetrahydrofolate to 5-
methyltetrahydrofolate, which serves as a methyl donor to convert homocysteine to 
methionine. SAMS catalyzes the conversion of methionine to SAM, which is a methyl donor 
for CCoAOMT and COMT. The number of genes in families with at least one gene 
differentially expressed between bm2 mutants and wild-type siblings is indicated by the 
number of rectangles. The number of significantly up- and down-regulated genes in bm2 
mutants relative to wild-type siblings are shown in blue and red, respectively. PAL, 
phenylalanine ammonia lyase; HCT, hydroxycinnamoyl CoA:shikimate hydroxycinnamoyl 
transferase; C4H, cinnamate 4-hydroxylase; 4CL, 4-coumarate:CoA ligase; C3H, p-coumarate 
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3-hydroxylase; CAD, cinnamyl alcohol dehydrogenase; CCR, cinnamoyl CoA reductase; 
CCoAOMT, caffeoyl CoA 3-O-methyltransferase; COMT, caffeic acid 3-O-methyltransferase; 
F5H, ferulate 5-hydroxylase; MTHFR, methylenetetrahydrofolate reductase; 5,10-methylene 
THF, 5,10-methylenetetrahydrofolate; 5-methyl THF, 5-methyltetrahydrofolate; THF, 
tetrahydrofolate; MTR, 5-methyltetrahydrofolate homocysteine methyltransferase; SAMS, 
S-adenosylmethionine synthetase; SAM, S-adenosyl-L-methionine. 
 
 
 
Figure S1. Identification of Mutator insertion alleles in the bm2 locus. A) Gene structure of 
the MTHFR gene. The insertion sites of multiple Mu transposons are indicated by the open 
triangles in the first exon. The loci for annealing of primers for identifying Mutator insertion 
alleles in the bm2 are indicated. B) Sequences of the primers used for the identification of 
Mutator insertion. Each of the primers (p1-5) was paired with MuTIR to amplify the Mu 
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flanking sequences C) Summary of the PCR results of the identification of Mutator insertion 
with the MuTIR and each of the primers (p1-5). D) Plot of the qRT-PCR results. Standard 
error is based on two biological reps of midrib samples from 2-4 individual plants. 
Concentration is relative to B73, which is set to 1. 
 
 
 
 
Figure S2. bm2 encodes a putative MTHFR. A) Representative phenotype of maize 
containing a Mu insertion in the putative MTHFR gene (bm2-Mu). B) Adaxial and abaxial 
views of midrib of non-mutant (WT) maize and bm2-Mu maize (bm2-Mu-11-2251). C) 
Histochemical staining of lignin of midrib tissue sections from bm2-Mu plants. Scale bar: 
100μm. 
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Figure S3. Histochemical staining of lignin in tissue sections from wild-type and the bm2-Mu 
mutant. Sections of midrib, stem and root were taken from wild-type individuals (WT) (a, c, 
e) and bm2-Mu mutant (b, d, f) (bm2-Mu-10-7067E) and stained with phloroglucinol. (Scale 
bar: 100μm). 
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Figure S4. Polymorphisms in the bm2-ref allele compared to the Bm2-B73 wild-type allele. 
A) Gene structure of the MTHFR-encoding gene. Black boxes indicate exons and lines 
between the boxes indicate introns. Stars indicate the sites with polymorphisms between 
the alleles of bm2-ref and Bm2-B73. B) The sequence alignment of the 3’ UTRs of the Bm2-
B73 allele and the bm2-ref allele. The 3’ UTR includes 1,856-1,373 bp of the mRNA. The stop 
codon at the MTHFR-encoding sequence (TGA) is underlined in red. The red stars indicate 
point mutations. The blue star indicates an insertion. The green star indicates a deletion. 
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Figure S5. Alignment of deduced amino acid sequences of the Bm2 gene with the sequence 
of MET11 from Saccharomyces cerevisiae. 
 
 
 
Figure S6. Histogram of P values for differential expression tests. QuasiSeq was used to test 
the null hypothesis that expression of a given gene is not different between the two groups. 
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A p-value was obtained for each informative gene. The distribution of p-values under the 
null hypothesis (no differential genes exist) is a uniform distribution in the range of 0-1. 
More than the expected number of p-values with small values indicates that significantly 
differentially expressed genes could be statistically identified. 
 
 
 
 
Figure S7. Volcano plot from RNA-Seq. The volcano plot compares gene expression patterns 
between two groups. Negative log10 p-values from the differential expression test were 
plotted against the log2 fold change for each informative gene. Each dot represents a gene, 
plotting with 20% transparency. The horizontal dash line indicates the 5% FDR cutoff. 
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Figure S8. MA plot from RNA-Seq. The MA-similar plot provides an overview of the 
differential level between groups of the comparison. log2 fold change (y-axis) of each 
informative gene was plotted against log2 of mean of expression (x-axis). Significantly 
differentially expressed genes are highlighted in red. 
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Figure S9. Comparison of fold changes between two RNA-Seq experiments on 369 
differentially expressed genes. 369 significantly differentially expressed genes (DEGs) 
identified from the first RNA-Seq are shown in the figure. After we conducted the second 
RNA-Seq with biological replicates, 3,313 significantly DEGs were identified. Among 369 
DEGs from the first RNA-Seq, 323 DEGs (red) were shown as DEGs in the second RNA-Seq 
experiment. 
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Figure S10. Overview of differential expression in the metabolic pathway. MapMan 
(mapman.gabipd.org) provides a useful tool to visualize the alteration of gene expression. 
Each square represents a transcript. The squares are color-coded by log2 fold change 
between the bm2 non-mutant pool and the mutant pool from the RNA-Seq data. The up- 
and down-regulated genes in the bm2 mutant pool relative to the non-mutant pool are 
highlighted in blue and red, respectively. 
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Figure S11. Phylogenetic tree of the maize MTHFR conserved region. A phylogenetic tree for 
the conserved region of MTHFR (residues 167-350 of the BM2 protein sequence) was 
constructed by identifying orthologs using NCBI’s BLASTP on the maize MTHFR protein 
sequence. Eighteen land plant RefSeqs were selected for use in the tree along with a 
consensus sequence. The tree was built using Blosum62 neighbor joining in Jalview 
(http://www.jalview.org/). For each sequence, the Genbank accession number is given, 
followed by “|” and then a simplified name. For the simplified names, 1 and 2 distinguish 
between multiple paralogs. _a and _b indicate duplicate copies of the same gene. BM2 is 
boxed in green. 
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Figure S12. qTeller expression pattern of bm2. Expression pattern for maize bm2 from 
qTeller (qTeller.com). The RNA-seq data provided by qTeller (both published and 
unpublished) comes from a variety of sources throughout the maize community. More 
information on the origin of the data sets and in-house analysis of the data can be found on 
the qTeller website. 
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Tables 
Table 1. Lignin characteristics of wild-type and bm2 mutant siblings at various 
developmental stages. 
Stage Genotype 
Klason lignin 
(g g-1 dry weight) 
S/G 
S  
(μmol g-1 dry 
weight) 
G  
(μmol g-1 dry 
weight) 
S + G  
(μmol g-1 dry 
weight) 
PA 
Wild-type 0.162 ± 0.014 1.24 ± 0.06 1037 ± 140 843 ± 157 1880 ± 297 
Mutant 0.151 ± 0.010 1.74 ± 0.23 896 ± 59 518 ± 34 1414 ± 25 
PS 
Wild-type 0.182 ± 0.008 1.70 ± 0.18 1402 ± 52 832 ± 121 2233 ±233  
Mutant 0.170 ± 0.021 1.97 ± 0.23 1054 ± 45 539 ± 85 1593 ± 130 
Each genotype represents the mean of two technical replicates and two biological 
replicates. One biological replicate is a single whole stalk. PA, post-anthesis (approximately 
2 months old); PS, post-senescence (approximately 5 months old). 
 
Table 2. Differentially expressed genes in the phenylpropanoid pathway in the bm2 mutant 
as compared to wild-type siblings. 
Sort 
order 
Gene 
MapMan 
annotation 
log2 fold change 
(mutant/wild-type) P value 
Adjusted P 
value 
1 GRMZM2G160541 PAL -1 1.61E-03 1.73E-02 
2 GRMZM2G081582 PAL 0.86 2.73E-04 5.36E-03 
3 GRMZM2G063917 PAL 1.19 3.05E-03 2.58E-02 
4 GRMZM2G334660 PAL 1.77 1.12E-03 1.36E-02 
5 GRMZM2G089698 HCT 5.54 5.58E-07 9.96E-05 
6 AC210173.4_FG005 F5H -2.09 1.59E-04 3.74E-03 
7 GRMZM2G099363 CCoAOMT -0.62 7.51E-03 4.50E-02 
8 GRMZM5G844562 CAD (bm1) -0.7 7.89E-03 4.64E-02 
9 GRMZM2G090980 CAD 4.12 3.78E-06 3.31E-04 
10 GRMZM2G443445 CAD 10.27 2.85E-09 5.78E-06 
11 AC234163.1_FG002 CAD 31.9 8.70E-07 1.26E-04 
12 GRMZM2G139874 C4H 1.78 1.18E-04 3.11E-03 
13 GRMZM2G147245 C4H 4.22 2.65E-05 1.14E-03 
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Table 2 (Continued) 
 
Sort 
order 
Gene 
MapMan 
annotation 
log2 fold change 
(mutant/wild-type) P value 
Adjusted P 
value 
14 GRMZM2G012233 4CL -0.95 3.89E-03 2.98E-02 
15 GRMZM2G048522 4CL 2.42 1.33E-03 1.53E-02 
16 GRMZM2G051005  No annotation -1.79 5.67E-04 8.77E-03 
17 GRMZM2G156004  No annotation -1.66 1.37E-05 7.68E-04 
18 GRMZM2G158083  No annotation -0.98 1.76E-04 3.99E-03 
19 GRMZM2G179703  No annotation -0.97 1.90E-03 1.92E-02 
20 GRMZM2G409724  No annotation -0.87 3.41E-03 2.76E-02 
21 GRMZM2G017557  No annotation -0.78 4.98E-03 3.47E-02 
22 GRMZM2G108714  No annotation -0.77 2.07E-03 2.02E-02 
23 GRMZM2G094017  No annotation 0.74 3.16E-04 5.94E-03 
24 AC217947.4_FG002  No annotation 1.03 2.19E-03 2.10E-02 
25 GRMZM2G060210  No annotation 1.11 2.24E-03 2.13E-02 
26 GRMZM2G138624  No annotation 1.2 1.36E-03 1.55E-02 
27 GRMZM2G035023  No annotation 1.63 3.43E-04 6.23E-03 
28 GRMZM2G147503  No annotation 1.96 2.85E-04 5.54E-03 
29 GRMZM2G165192  No annotation 2.05 2.18E-04 4.61E-03 
30 GRMZM2G061806  No annotation 2.72 1.09E-04 2.93E-03 
31 GRMZM2G408458  No annotation 3.17 2.43E-05 1.09E-03 
32 GRMZM2G127418  No annotation 3.94 6.26E-04 9.32E-03 
33 GRMZM2G015793  No annotation 4.14 4.52E-06 3.71E-04 
34 GRMZM2G124815  No annotation 4.67 5.78E-07 1.01E-04 
35 GRMZM2G089698  No annotation 5.54 5.58E-07 9.96E-05 
36 GRMZM2G127251  No annotation 6.63 3.08E-06 2.90E-04 
37 GRMZM2G362298  No annotation 7.69 2.08E-05 9.91E-04 
38 GRMZM2G311036  No annotation 7.84 5.74E-06 4.25E-04 
39 GRMZM2G114918  No annotation 19.77 4.43E-05 1.61E-03 
40 GRMZM2G023325  No annotation 20.45 7.48E-05 2.25E-03 
41 GRMZM2G336824  No annotation 33.71 3.45E-05 1.37E-03 
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Table S1. Genes in the 2 Mbp interval as inferred from BSR-Seq. 
 
 
 
 
Table S2. Fine-mapping primer sequences for the KASPar assay. 
 
Primer 
name 
Primer 1 sequence (5’-3’) Primer 2 sequence (5’-3’) 
Common primer 
(5’-3’) 
bm2-
289632923 
GAAGGTGACCAAGTTCATGCTC
AGATTTCATCAAGCCATGTATC
TTC 
GAAGGTCGGAGTCAACGGATTCA
GATTTCATCAAGCCATGTATCTTG 
CGTCGAATGTTGTG
GTCTCTTGGAA 
bm2-
289764777 
GAAGGTGACCAAGTTCATGCT
GACCTCCAGCCCGGACGC 
GAAGGTCGGAGTCAACGGATTGA
CCTCCAGCCCGGACGG 
GCCACGCCAGCCA
GGTCCA 
bm2-
290199061 
GAAGGTGACCAAGTTCATGCTA
AACAAACCCACCCTGGCTTCAA 
GAAGGTCGGAGTCAACGGATTAA
CAAACCCACCCTGGCTTCAG 
CCATTTTACTTGTTT
GCCACTGTGAGAA
A 
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Table S2 (Continued) 
 
Primer 
name 
Primer 1 sequence (5’-3’) Primer 2 sequence (5’-3’) 
Common primer 
(5’-3’) 
bm2-
290203358 
GAAGGTGACCAAGTTCATGCT
GCGGCTATGTTCTTAGGCGAG 
GAAGGTCGGAGTCAACGGATTCT
GCGGCTATGTTCTTAGGCGAA 
CTTATCCGGCTGCT
GGCGCTT 
bm2-
290599983 
GAAGGTGACCAAGTTCATGCTC
ACAAATCTCTCCTCCCCTCTC 
GAAGGTCGGAGTCAACGGATTGC
ACAAATCTCTCCTCCCCTCTT 
GGGGTCGTCGGCG
GGCAAT 
bm2-
290898607 
GAAGGTGACCAAGTTCATGCTC
GTACAGCACCCGGTTCACC 
GAAGGTCGGAGTCAACGGATTAC
GTACAGCACCCGGTTCACT 
CGGGCCTGCGGAA
GGGGAA 
bm2-
291111263 
GAAGGTGACCAAGTTCATGCTC
CCGACTTTTCCTTCCCTTCC 
GAAGGTCGGAGTCAACGGATTCC
CGACTTTTCCTTCCCTTCA 
GATGGTCGTCGTCA
CTCGTCGT 
bm2-
291118986 
GAAGGTGACCAAGTTCATGCTA
CCAGGTTATAATGATGCCATGG
AG 
GAAGGTCGGAGTCAACGGATTAC
CAGGTTATAATGATGCCATGGAC 
TCTGCAATTACTAT
CGCTAGAGGTTTTA
TT 
bm2-
291119025 
GAAGGTGACCAAGTTCATGCTC
CTCTAGCGATAGTAATTGCAGA
TAC 
GAAGGTCGGAGTCAACGGATTAC
CTCTAGCGATAGTAATTGCAGAT
AA 
CCGATGGCTCTGGC
CTGCGT 
bm2-
291119339 
GAAGGTGACCAAGTTCATGCTC
CACTACCAACTTCCCTGCGG 
GAAGGTCGGAGTCAACGGATTCC
ACTACCAACTTCCCTGCGA 
GAGATGATAGGCT
TCGCTGGCTTT 
bm2-
291460726 
GAAGGTGACCAAGTTCATGCTT
CCCCAGCAACGATCAGGTC 
GAAGGTCGGAGTCAACGGATTCT
TCCCCAGCAACGATCAGGTT 
ATGTATGCAGGCAC
CAATGCACCAT 
bm2-
291983683 
GAAGGTGACCAAGTTCATGCT
GAACACCTCCCTGAACTTCTCC 
GAAGGTCGGAGTCAACGGATTGA
ACACCTCCCTGAACTTCTCT 
GGAAGGCCGCCGG
CCTGTA 
 
 
Table S3. The 47 genes in the 0.51 MB bm2 interval (working gene set). 
 
 Gene ID  Gene ID  Gene ID  Gene ID  Gene ID 
1 
GRMZM2G17
9133 
11 
GRMZM2G004
459 
21 
GRMZM2G02
7068 
31 
GRMZM2G347
043 
41 
GRMZM2G
160304 
2 
GRMZM2G17
9133 
12 
GRMZM2G004
459 
22 
GRMZM2G02
7068 
32 
GRMZM2G347
056 
42 
GRMZM2G
160304 
3 
GRMZM2G48
0262 
13 
GRMZM2G087
612 
23 
GRMZM2G50
0550 
33 
GRMZM2G531
215 
43 
GRMZM2G
160304 
4 
GRMZM2G59
0529 
14 
GRMZM2G388
347 
24 
GRMZM2G55
9608 
34 
GRMZM2G489
771 
44 
GRMZM2G
160304 
5 
GRMZM2G12
7397 
15 
GRMZM2G704
133 
25 
GRMZM2G12
8663 
35 
GRMZM2G009
598 
45 
GRMZM2G
160304 
6 
GRMZM2G12
7401 
16 
GRMZM2G535
364 
26 
GRMZM2G12
8663 
36 
GRMZM2G465
553 
46 
GRMZM5G
847879 
7 
GRMZM2G55
8213 
17 
GRMZM2G087
753 
27 
GRMZM2G10
7745 
37 
GRMZM2G160
304 
47 
GRMZM2G
072584 
8 
GRMZM2G12
7404 
18 
GRMZM2G535
366 
28 
GRMZM2G10
7796 
38 
GRMZM2G160
304 
  
9 
AC207024.3_
FG002 
19 
GRMZM2G500
600 
29 
GRMZM2G03
9242 
39 
GRMZM2G160
304 
  
10 
GRMZM2G30
3342 
20 
GRMZM5G831
951 
30 
GRMZM2G04
7365 
40 
GRMZM2G160
304 
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Table S4. The eight genes in the 0.51 MB bm2 interval (filtered gene set). 
 
 Gene ID  Gene ID  Gene ID  Gene ID 
1 
GRMZM2G00
4459 
3 
GRMZM2G128
663 
5 
GRMZM2G0
47365 
7 
GRMZM2G072
584 
2 
GRMZM2G08
7612 
4 
GRMZM2G107
745 
6 
GRMZM2G3
47043 
8 
GRMZM2G009
598 
 
 
Table S5. Trimming and alignment summary for RNA-Seq experiment #1. 
 
Raw Reads 
(Single-end 83bp) 
No. Trimmed Reads 
Average Length after 
trimming (bp) 
Unique alignments (single 
locus) 
21,461,627 20,536,515 (96%) 69 15,514,033 (76%) 
19,421,747 18,213,123 (94%) 70 13,617,360 (75%) 
 
 
Table S6. Read trimming summary for RNA-Seq experiment #2. 
 
Sample 
Raw Reads 
(101bp) 
No. Trimmed 
Reads 
Average 
Length after 
trimming (bp) 
PE after 
Trimming 
SE after 
Trimming 
bm2mut_rep1-1 19,694,768 
19,569,867 
(99.4%) 
97 19,199,583 370,284 
bm2mut_rep1-2 19,694,768 
19,305,612 
(98.0%) 
97 19,199,583 106,029 
bm2mut_rep1 
total 
39,389,536 
38,875,479 
(98.7%) 
97 38,399,166 476,313 
bm2wt_rep1-1 21,908,153 
21,759,861 
(99.3%) 
97 21,246,430 513,431 
bm2wt_rep1-2 21,908,153 
21,367,849 
(97.5%) 
97 21,246,430 121,419 
bm2wt_rep1 
total 
43,816,306 
43,127,710 
(98.4%) 
97 42,492,860 634,850 
bm2mut_rep3_
1 
16,154,021 
16,025,867 
(99.2%) 
96 15,347,684 678,183 
bm2mut_rep3_
2 
16,154,021 
15,434,474 
(95.5%) 
95 15,347,684 86,790 
bm2mut_rep3 
total 
32,308,042 
31,460,341 
(97.4%) 
95 30,695,368 764,973 
bm2wt_rep3-1 16,831,423 
16,710,746 
(99.3%) 
97 16,329,580 381,166 
bm2wt_rep3-2 16,831,423 
16,427,399 
(97.6%) 
97 16,329,580 97,819 
bm2wt_rep3 
total 
33,662,846 
33,138,145 
(98.4%) 
97 32,659,160 478,985 
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Table S7. Alignment summary for RNA-Seq experiment #2. 
 
Sample 
Total 
Trimmed 
Reads 
Alignments Unique Alignments (single locus) 
PE reads SE reads 
Total 
Reads 
PE reads 
SE 
reads 
Total 
Reads 
bm2mut_re
p1 
38,875,47
9 
29,929,26
8 
3,876,49
9 
33,805,76
7 (87.0%) 
27,782,46
0 
3,692,5
42 
31,475,00
2 (81.0%) 
bm2wt_rep
1 
43,127,71
0 
32,742,80
8 
4,562,42
4 
37,305,23
2 (86.5%) 
30,515,71
2 
4,344,1
31 
34,859,84
3 (80.8%) 
bm2mut_re
p3 
31,460,34
1 
23,369,53
0 
3,555,12
6 
26,924,65
6 (85.6%) 
21,842,90
6 
3,371,2
37 
25,214,14
3 (80.1%) 
bm2wt_rep
3 
33,138,14
5 
25,048,49
0 
3,551,81
3 
28,600,30
3 (86.3%) 
23,342,86
6 
3,381,3
77 
26,724,24
3 (80.6%) 
 
 
Table S8. Overall represented pathways (MapMan). 
 
Functional group 
(MapMan) 
Functional Subgroup P-value 
Adjusted p-
value 
Enrichment 
MISC glutathione S transferases 1.81E-16 2.11E-14 8.63 
cell cell death 2.55E-03 2.37E-02 8.07 
Co-factor and vitamine 
metabolism 
molybdenum cofactor 4.25E-03 3.53E-02 6.73 
secondary metabolism simple phenols 5.35E-04 5.42E-03 5.88 
hormone metabolism jasmonate 1.69E-04 2.63E-03 4.41 
transport sugars 1.18E-09 3.43E-08 4.12 
secondary metabolism phenylpropanoids 1.15E-11 6.69E-10 4.07 
MISC myrosinases-lectin-jacalin 1.08E-04 1.80E-03 3.24 
transport amino acids 1.77E-05 3.75E-04 2.92 
MISC 
UDP glucosyl and glucoronyl 
transferases 
1.63E-10 6.33E-09 2.65 
MISC peroxidases 1.95E-04 2.84E-03 2.62 
redox ascorbate and glutathione 1.58E-03 1.53E-02 2.59 
hormone metabolism ethylene 2.90E-04 3.97E-03 2.56 
major CHO metabolism degradation 5.14E-04 5.42E-03 2.54 
lipid metabolism 
exotics (steroids, squalene 
etc) 
4.45E-04 5.42E-03 2.52 
signalling receptor kinases 1.44E-15 1.12E-13 2.38 
stress biotic 3.24E-10 1.08E-08 2.27 
transport 
ABC transporters and 
multidrug resistance systems 
4.98E-04 5.42E-03 2.15 
amino acid metabolism synthesis 5.39E-05 9.66E-04 2.04 
MISC cytochrome P450 4.95E-04 5.42E-03 2.00 
signalling calcium 3.33E-05 6.46E-04 1.96 
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Table S9. Genes in the phenylpropanoid pathway that did not exhibit significantly 
differential expression. 
Gene 
MapMan 
annotation 
log2FC 
(mutant/wild-
type) 
P-value 
Adjusted p-
value 
GRMZM2G074604 PAL -0.71 4.23E-02 1.22E-01 
GRMZM2G023794 PAL -0.67 3.74E-01 3.95E-01 
GRMZM2G441347 PAL -0.58 1.46E-01 2.39E-01 
GRMZM2G029048 PAL -0.31 1.35E-01 2.28E-01 
GRMZM2G170692 PAL 0.38 2.84E-01 3.44E-01 
GRMZM2G118345 PAL 0.81 8.90E-02 1.81E-01 
GRMZM2G131165 HCT -0.74 1.38E-02 6.45E-02 
GRMZM2G156296 HCT 0.02 9.12E-01 6.01E-01 
GRMZM2G125448 HCT 0.37 3.07E-01 3.57E-01 
GRMZM2G100158 F5H -0.69 5.51E-02 1.38E-01 
AC196475.3_FG004 COMT/bm3 -0.59 6.00E-02 1.44E-01 
GRMZM2G082007 COMT -0.09 4.54E-01 4.34E-01 
GRMZM2G332522 CCoAOMT -0.42 2.26E-01 3.04E-01 
GRMZM2G156578 CCoAOMT -0.38 5.04E-02 1.33E-01 
GRMZM2G077486 CCoAOMT -0.33 9.86E-02 1.92E-01 
GRMZM2G127948 CCoAOMT -0.14 4.57E-01 4.35E-01 
GRMZM2G004138 CCoAOMT 0.09 6.33E-01 5.08E-01 
GRMZM2G033952 CCoAOMT 0.85 1.51E-01 2.43E-01 
GRMZM2G046070 CAD -0.41 3.70E-01 3.92E-01 
GRMZM2G700188 CAD -0.29 1.70E-01 2.60E-01 
GRMZM2G118610 CAD 0.13 7.14E-01 5.39E-01 
GRMZM2G167613 CAD 0.26 2.99E-01 3.53E-01 
GRMZM2G165844 4CL -1.04 7.74E-02 1.67E-01 
GRMZM2G075333 4CL -0.51 6.60E-02 1.53E-01 
GRMZM2G019746 4CL -0.47 2.80E-02 9.72E-02 
GRMZM2G055320 4CL -0.33 4.56E-02 1.26E-01 
GRMZM2G174574 4CL -0.27 6.57E-02 1.52E-01 
GRMZM5G805585 4CL -0.18 5.44E-01 4.73E-01 
GRMZM2G054013 4CL -0.07 7.11E-01 5.38E-01 
GRMZM2G122787 4CL 0.05 8.03E-01 5.67E-01 
GRMZM2G091643 4CL 0.06 9.09E-01 5.99E-01 
GRMZM2G096020 4CL 0.43 1.41E-02 6.53E-02 
GRMZM2G174732 4CL 0.67 4.35E-02 1.24E-01 
GRMZM2G433624 4CL 0.69 1.49E-01 2.41E-01 
GRMZM2G131165 No annotation -0.74 1.38E-02 6.45E-02 
GRMZM2G473036 No annotation -0.63 2.55E-02 9.21E-02 
GRMZM2G140996 No annotation -0.42 4.66E-01 4.39E-01 
GRMZM2G124066 No annotation -0.39 3.68E-01 3.91E-01 
GRMZM2G178769 No annotation -0.29 5.38E-01 4.71E-01 
GRMZM2G177424 No annotation -0.23 6.34E-01 5.08E-01 
GRMZM2G104294 No annotation -0.22 8.93E-02 1.82E-01 
GRMZM2G023152 No annotation -0.2 1.88E-01 2.75E-01 
GRMZM5G805585 No annotation -0.18 5.44E-01 4.73E-01 
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Table S9 (Continued) 
 
Gene 
MapMan 
annotation 
log2FC 
(mutant/wild-
type) 
P-value 
Adjusted p-
value 
GRMZM2G086489 No annotation -0.17 3.01E-01 3.54E-01 
GRMZM2G035584 No annotation -0.15 5.04E-01 4.56E-01 
GRMZM2G079616 No annotation -0.07 9.07E-01 5.99E-01 
GRMZM2G069865 No annotation -0.05 7.32E-01 5.45E-01 
GRMZM2G097297 No annotation 0 9.97E-01 6.19E-01 
GRMZM2G362413 No annotation 0.02 9.48E-01 6.09E-01 
GRMZM2G005522 No annotation 0.05 9.22E-01 6.03E-01 
GRMZM2G067265 No annotation 0.09 5.11E-01 4.60E-01 
GRMZM2G349791 No annotation 0.11 6.47E-01 5.13E-01 
GRMZM2G141026 No annotation 0.15 7.74E-01 5.59E-01 
GRMZM2G128880 No annotation 0.17 4.22E-01 4.18E-01 
GRMZM2G156816 No annotation 0.19 2.62E-01 3.29E-01 
AC215260.3_FG003 No annotation 0.24 5.79E-01 4.87E-01 
GRMZM2G168858 No annotation 0.3 5.03E-02 1.32E-01 
GRMZM2G125448 No annotation 0.37 3.07E-01 3.57E-01 
GRMZM2G100754 No annotation 0.39 1.98E-01 2.83E-01 
GRMZM5G882427 No annotation 0.66 9.68E-02 1.90E-01 
GRMZM2G085924 No annotation 0.68 5.51E-02 1.38E-01 
GRMZM2G176446 No annotation 0.69 5.06E-02 1.33E-01 
GRMZM2G177349 No annotation 0.82 1.10E-01 2.04E-01 
GRMZM2G013530 No annotation 0.87 8.01E-02 1.71E-01 
GRMZM2G144407 No annotation 1.2 3.07E-02 1.02E-01 
GRMZM2G030436 No annotation 1.27 1.35E-02 6.37E-02 
AC209819.3_FG005 No annotation 1.9 1.26E-01 2.19E-01 
 
 
Appendix S1. Differential expression between bm2 and the wild-type. 
This table is available as supplementary material to the published manuscript at: 
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4282534/ 
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Abstract 
Mutations in the brown midrib4 (bm4) gene affect the accumulation and 
composition of lignin in maize. Fine-mapping analysis of bm4 narrowed the candidate 
region to an approximately 105 kbp interval on chromosome 9 containing six genes. Only 
one of these six genes, GRMZM2G393334, showed decreased expression in mutants. At 
least four of 10 Mu-induced bm4 mutant alleles contain a Mu insertion in the 
GRMZM2G393334 gene. Based on these results, we concluded that GRMZM2G393334 is 
the bm4 gene. GRMZM2G393334 encodes a putative folylpolyglutamate synthase (FPGS), 
which functions in one-carbon (C1) metabolism to polyglutamylate substrates of folate-
dependent enzymes. Yeast complementation experiments demonstrated that expression of 
the maize bm4 gene in FPGS-deficient met7 yeast is able to rescue the yeast mutant 
phenotype, thus demonstrating that bm4 encodes a functional FPGS. Consistent with earlier 
studies, bm4 mutants exhibit a modest decrease in lignin concentration and an overall 
increase in the S:G lignin ratio relative to wild-type. Orthologs of bm4 include at least one 
paralogous gene in maize and various homologs in other grasses and dicots. Discovery of 
the gene underlying the bm4 maize phenotype illustrates a role for FPGS in lignin 
biosynthesis. 
 
Introduction 
Maize brown midrib (bm) mutants, so named for the reddish- brown pigmentation 
of their midribs, affect lignin concentration and composition (Barrière et al., 2004, 2007; 
Vermerris et al., 2010). Lignin is a heteropolymer involved in the strengthening of stalks and 
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contributes to the resistance of plants to some insects and pathogens (Santiago et al., 
2013). Lignin accumulates in the secondary cell walls and is cross-linked with arabinoxylans 
through ferulate bridges. In maize, polymers of lignin are composed of H, G, and S lignin, 
which, respectively, are composed of the three different hydroxycinnamoyl alcohol subunits 
(monolignols), p-coumaryl (H), coniferyl (G), and sinapyl (S) alcohol (Barrière et al., 2007). 
Three of the six previously characterized bm mutants are known to be involved in the lignin 
biosynthetic pathway. bm1 and bm3 encode cinnamyl alcohol dehydrogenase (CAD) and 
caffeic acid O-methyltransferase (COMT), respectively. CAD catalyzes the synthesis of 
coniferyl and p-coumaryl alcohols, while COMT catalyzes the synthesis of sinapyl alcohol 
(Vignols et al., 1995; Halpin et al., 1998). The recently cloned bm2 encodes a functional 
methylenetetrahydrofolate reductase (MTHFR) involved in the formation of the key methyl 
donor, S-adenosyl-L-methionine (SAM) (Tang et al., 2014). SAM links MTHFR with lignin 
biosynthesis by serving as a methyl donor for both COMT and caffeoyl CoA 3-O-
methyltransferase (CCoAOMT) (Figure 1) (Tang et al., 2014).  
In this study, we describe the characterization and cloning of a fourth bm gene, bm4, 
which encodes a functional folylpolyglutamate synthase (FPGS, EC# 6.3.2.17) that acts 
upstream of MTHFR in the lignin biosynthetic pathway (Figure 1). FPGS functions in one-
carbon (C1) metabolism to catalyze the γ-linked polyglutamylation of tetrahydrofolate 
(THF). In plants, C1 metabolism feeds into the biosynthesis of purines, thymidylate, serine, 
methionine, and formylmethionine (fMet) for which THF is required. Polyglutamylated 
folates are the preferred substrates of folate-dependent enzymes and are the principle 
forms of folate found in living cells (Cossins and Chen, 1997; Mehrshahi et al., 2010). Thus, 
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we hypothesize that FPGS-catalyzed polyglutamylation of THF stimulates the downstream 
synthesis of polyglutamylated 5-methyl THF catalyzed by the bm2-encoded MTHFR (Figure 
1) (Tang et al., 2014). It is therefore reasonable that a mutation in the FPGS gene (i.e., bm4) 
would alter lignin content and/or composition. 
 
Results 
Mapping bm4 to a 105 kbp interval on chromosome 9 
Like all brown midrib mutants, bm4 mutants display a distinctive pigmentation 
phenotype relative to wild-type siblings (Figure 2b,g,i,k,m,o,q). The bm4 mutation also 
affects the accumulation and composition of lignin (Table 1). These results suggested a role 
for bm4 in lignin biosynthesis and provided the impetus to identify the gene underlying this 
mutant. Previously, the bm4 gene had been mapped to the distal end of the long arm of 
chromosome 9 (Burnham, 1947). Our fine-mapping experiments (Experimental Procedures) 
established that the bm4 gene is located in a 3 cM interval (198.5–201.2 cM) that 
encompasses physical positions 154.33–155.45 Mbp of the maize reference genome 
(RefGen v2 [AGPv2] with gene annotations v5b.60). Subsequent mapping experiments 
narrowed the bm4 candidate region to an approximately 127 kbp interval (155,454–154,565 
kbp) that contains eight genes. A third mapping population consisting of 10,000 F2 plants 
that was segregating for bm4 was generated by selfing an F1 derived from a cross between 
the inbred B73 and a mutant plant that carried bm4-ref. In this population, 1,417 plants 
displayed the bm4 phenotype (Tables S1 and S2). The shortage of mutant plants relative to 
the expected 25% is probably a consequence of an early-stage necrosis phenotype that co-
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segregates with the bm4 phenotype in B73-derived populations segregating for bm4-ref (S. 
Hill-Skinner, unpublished observation). Because this necrotic phenotype was not observed 
in other populations segregating for bm4 mutant alleles, there is no evidence to suggest 
that it is directly caused by bm4 mutants. All bm4 plants were screened for recombination 
events within sub-regions of the candidate interval (154.33–155.45 Mbp, RefGen v2 
[AGPv2] with gene annotations v5b.60) using PCR-based genotyping. Of the 56 identified 
recombinants, two were found to have recombination breakpoints within a 105 kbp interval 
(154 397.6–154 502.6 kbp). This interval contains six genes (Figure S1). 
 
RNA-Seq analysis and gene expression of six candidate genes in the bm4 fine-mapping 
interval 
As part of a screen to determine whether any of the six genes in the candidate bm4 
interval were differentially expressed between bm4 mutant and wild-type siblings, we 
conducted an unreplicated RNA-Seq experiment. Only one of these six genes showed 
significantly decreased expression based on Fisher’s exact test (Figures S1 and S2B). This 
gene, GRMZM2G393334 (154,454,066–154,460,083 bp, RefGen v2 [AGPv2] with gene 
annotations v5b.60), encodes a putative FPGS. Because FPGS also has a substrate that is 
upstream of the bm2-encoded MTHFR enzyme (Figure 1) (Tang et al., 2014), we selected 
GRMZM2G393334 as the bm4 candidate gene.  
The expression of GRMZM2G393334 across tissues of young seedlings and, to a 
lesser degree, mature plants was visualized via qTeller (qTeller.com) (Figure S3). Based on 
these results, GRMZM2G393334 is expressed in a wide variety of tissues as expected for an 
78 
 
enzyme involved in a central metabolic process. In addition, quantitative reverse 
transcription polymerase chain reaction (qRT-PCR) of GRMZM2G393334 was performed on 
RNA extracted from plants each of which was homozygous for one of five Mu-derived bm4 
alleles or bm4-ref (Table S2). All the mutants accumulated less bm4 transcript (2–16%) than 
the non-mutant B73 inbred (Figure 3), thereby confirming the results of the RNA-Seq 
analysis. 
 
Seq-Walking based whole genome Mu-flanking sequencing 
Seq-Walking (Li et al., 2013) was conducted using DNA from bm4 mutant plants 
isolated from six separate Mu-tagging events in 2011 (Methods) (Table S2). The rationale 
for this experiment is that at least some of these plants would be expected to contain Mu 
insertions in the bm4 gene that are not present in non-mutant stocks. A Seq-Walking library 
was constructed from pooled DNA of all six Mu alleles. The library was sequenced using a 
Life Technologies’ PGM instrument. A total of 296,304 out of 544,689 reads (54.4%) 
remained after quality trimming. Of these trimmed reads, 249,456 (84.2%) could be 
mapped to the B73 reference genome and 238,118 (80.4%) could be uniquely aligned to the 
reference genome. In total, seven Mu insertions were detected within the bm4 mapping 
interval in gene GRMZM2G393334 (Table S3). All but one of these insertion sites were 
represented by only a few reads (Table S3). 
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PCR-based sequencing of Mu-tagging alleles 
To confirm the Mu insertions detected via Seq-Walking and determine which are 
associated with particular bm4 mutant alleles, PCR primers were designed to amplify each 
insertion (Table S4). PCR was conducted on the original pre-pooled DNA samples used for 
Seq-Walking as well as DNA samples from the B73 inbred and a stock homozygous for the 
bm4-ref allele (Table S2). Strong PCR bands detected via gel electrophoresis were 
sequenced. These sequencing experiments confirmed the presence of a Mu1 insertion in 
the second intron of the candidate gene for the plant carrying the bm4-Mu 11-8050D allele 
that was not detected in other DNA samples, including B73 and the bm4-ref stock (Figure 4).  
Subsequently, similar PCR-based analyses were conducted on the four mutants 
isolated from the 2013 mutant screen using a series of gene-specific primers designed 
based on the sequence of GRMZM2G393334 in combination with the MuTIR primer (Table 
S4 and Table S2). Allele-specific Mu1 insertions were detected in exon 1, intron 3, and exon 
4 of GRMZM2G393334 in the bm4-Mu 13-7033E, bm4-Mu 13-7029B, and bm4-Mu 13-
7064E alleles, respectively (Figure 4). These results confirm that GRMZM2G393334 is bm4.  
Most of the GRMZM2G393334 gene, including the entire coding region, was 
amplified and sequenced from a stock homozygous for the bm4-ref allele. Sequence 
comparisons to the corresponding sequence from the B73 reference genome revealed 11 
substitutions (three transversions and eight transitions), a single six-base insertion, and two 
single-base deletions in the coding region. Each of the 11 substitutions was also detected in 
at least one of the NAM founder inbreds (McMullen et al., 2009), none of which display a 
bm4 mutant phenotype, indicating that these substitutions are not the causal mutation of 
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bm4-ref. Although the six-base insertion was not detected in the NAM founders, it was 
detected in three of four inbreds (Q66, Q67 and B77) that contributed to our Mu-active 
stocks (Dataset S2). The two deletions were detected in neither the NAM founder inbreds 
nor the Mu parents (Datasets S1 and S2). In particular, the deletion in exon 14 is predicted 
to cause a frameshift and premature stop codon in the translated protein (Figure S4). 
However, because non-coding regions of the gene which were not sequenced could harbor 
a causative mutation and the frameshift and premature stop codon would only affect the C-
terminus of the protein which is in any case outside of the conserved domain it is not 
possible to conclude whether the deletions in the reference allele are causative.  
To understand the origins of the six bm4 mutants for which Mu insertions could not 
be identified, the bm4 gene was amplified from DNA from mutant plants carrying these 
alleles. Based on the crossing strategy, these plants were expected to be heterozygous for a 
new bm4 allele derived from the Mu parent and the bm4-ref allele. As discussed above, the 
bm4-ref allele contains at least 29 polymorphisms relative to the B73-derived Bm4 allele 
(Datasets S1 and S2). Sequence analyses identified three substitutions in the coding region 
of the bm4-Mu 11-8034B/bm4-ref plant relative to the bm4-ref allele (Dataset S2), including 
a non-synonymous substitution in the conserved Mur_Ligase_M domain of 
GRMZM2G393334, which may have an impact on protein function (Figure S4). Because this 
substitution is not present in any of the 27 founder inbreds of the NAM population 
(McMullen et al., 2009), it could potentially be causative. At all sites assayed, no 
polymorphisms were detected relative to bm4-ref in DNA from the other five bm4-Mu 
mutant plants, consistent with the hypothesis that these plants may carry maternally 
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derived deletions of GRMZM2G393334, i.e. deletions that arose in the Mu-active stocks. 
Gene deletions have been identified previously from Mu stocks (Walbot, 2000). 
 
bm4 encodes a functional FPGS 
MET7 in yeast encodes an FPGS protein that is essential in methionine biosynthesis 
and met7 mutant strains are methionine auxotrophs (Masselot and De Robichon-
Szulmajster, 1975). Expression of maize Bm4 (Figure S5) in mutant MATα met7 strains 
successfully complemented the met7 methionine auxotrophy (Figure 5), thus demonstrating 
that maize bm4 encodes a functional FPGS. 
 
bm4 lignin concentration and composition 
Phloroglucinol–HCl staining reveals qualitative differences in lignin deposition in 
midrib tissues between bm4 mutant lines and non-mutant controls (Vermerris et al., 2010). 
Consistent with this previous study, we found that vascular tissue and epidermal cells of 
midribs from non-mutant plants (B73 in our case) stain much more heavily than do those of 
midribs of bm4 mutant plants that are homozygous for the bm4-ref allele (Figure 2c–f). 
These results indicate greater deposition of lignin in B73 midribs. Similar differences were 
observed between B73 and plants that carried some of the newly isolated bm4-Mu alleles 
or that were putatively hemizygous (Figure 2h,j,l,n,p,r).  
Lignin concentration and composition of stalks was measured quantitatively from 
plants that were backcrossed into B73 and homozygous for the bm4-ref allele and non-
mutant controls. Lignin concentration and composition were determined using Klason lignin 
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and thioacidolysis, as previously described (Tang et al., 2014). Stalks were collected in 2010, 
2012, and 2014. The 2010 experiment involved a comparison of bm4-ref mutants in a B73-
like background (via two generations of backcrossing; Experimental Procedures) versus B73. 
These stalks were collected post-senescence (PS; approximately 5 months after planting). 
The 2012 and 2014 experiments involved comparisons of stalks from bm4-ref mutant and 
wild-type siblings, both of which were the products of three generations of backcrossing to 
B73. In the 2012 experiment, stalks were collected either post-anthesis (PA; approximately 
2 months after planting) or PS from the same field. Stalks in the 2014 experiment were 
collected from the same field, but only PS. Probably as a consequence of the interest in 
using maize stover for animal feed, previous studies assayed lignin content in brown midrib 
mutants during the stage of development at which silage is harvested, i.e., after anthesis 
but before maturity (Barrière et al., 2004; Vermerris et al., 2010). Consistent with this prior 
literature, our analyses of lignin concentration revealed both PA and nearly all PS stalks 
assayed from plants homozygous for the bm4-ref allele accumulate approximately 10–14% 
less lignin than do wild-type siblings (Table 1) (Barrière et al., 2004; Vermerris et al., 2010). 
Similar to results obtained for bm2 (Tang et al., 2014), the ratio of S to G lignin is elevated in 
bm4-ref stalks relative to wild-type at both stages of development analyzed (Table 1). 
 
Analysis of BM4 paralogs 
BLASTP analysis of the protein sequence (AFW89831.1) encoded by the bm4 gene 
(GRMZM2G393334) revealed at least one potential paralog in the maize genome. The 
GRMZM5G869779 gene encodes three protein isoforms (DAA49397.1, DAA49396.1, and 
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DAA49398.1), which respectively share 72, 72, and 69% identity with BM4 over 93, 93, and 
58% of the full-length BM4 sequence (Table S5). Like bm4, GRMZM5G869779 is expressed 
across many young, and to a lesser degree, mature tissues (Figure S6). 
 
Analysis of BM4 homologs 
As discussed above, the bm4 gene encodes a functional FPGS. This enzyme has 
received significant attention because of its importance in human pathology (Galpin et al., 
1997; Rots et al., 1999; Christoph et al., 2012). In plants, FPGS is most often reported to be 
involved in the polyglutamylation of folates in C1 metabolism. These polyglutamylated 
folates are the preferred substrates of folate-dependent enzymes (Cossins and Chen, 1997; 
Mehrshahi et al., 2010). Homologs of FPGS have been identified in various plant species. 
Among the grasses, FPGS proteins fall into two clades, the first of which contains the 
protein encoded by bm4 (Figure 6 and Table S5). The Oryza sativa, Brachypodium 
distachyon, and Setaria italica protein sequences in the first clade share 86, 85, and 84% 
sequence identity with BM4 over 89, 89, and 100% of BM4, respectively. The Sorghum 
bicolor, O. sativa, B. distachyon, S. italica, and paralogous Zea mays (two isoforms) protein 
sequences in the second clade share 73, 70, 74, 73, and 72% sequence identity with BM4 
over 89, 90, 94, 96, and 93% of BM4, respectively. The three FPGS genes of Arabidopsis 
thaliana share 50–62% sequence identity with BM4 (Figure 6 and Table S5). The proteins 
encoded by these three genes accumulate in the mitochondria, chloroplast, or cytosol, 
respectively (Ravanel et al., 2001). 
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Discussion 
Six maize loci have been defined by brown midrib mutant phenotypes. Five of six of 
these mutants have shown to result in decreased lignin content of stalks (Halpin et al., 
1998; Barrière et al., 2004, 2007; Guillaumie et al., 2008; Vermerris et al., 2010; Méchin et 
al., 2014; Tang et al., 2014). Three of these genes have been previously cloned (bm1, bm2, 
and bm3) and each encodes a different lignin biosynthetic enzyme (Vignols et al., 1995; 
Halpin et al., 1998; Tang et al., 2014). Lignin biosynthesis is important to plant growth and 
development because the cross-linking between lignin and other cell wall components via 
ferulate bridges limits solute transport across secondary cell walls and plays a role in 
increasing secondary cell wall rigidity and hence stalk strength (Santiago et al., 2013). 
However, this cross-linking has adverse effects on ruminant digestion and biofuel 
production (Barrière et al., 2007).  
The bm4 gene was cloned using physical mapping approaches in combination with 
Seq-Walking analysis of transposon-induced alleles. The physical interval defined by fine-
mapping experiments contains six genes (Figure S1). Only one of these genes, 
GRMZM2G393334, showed significantly decreased expression in the bm4-ref mutant as 
compared with non-mutant siblings (Figures 3 and S2). PCR-based sequencing analyses of 
the entire protein-coding region identified numerous polymorphisms in the bm4-ref gene, 
including two deletions in the coding region that induce frameshifts and premature stop 
codons (Dataset S2 and Figure S4). However, without more in-depth analysis of the bm4-ref 
transcript, it remains unclear which of these or other mutations (perhaps in non-coding 
regions which were not sequenced) are causative. Seq-Walking experiments conducted on 
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newly isolated bm4-Mu alleles identified Mu transposon insertions in GRMZM2G393334, 
establishing this gene as the bm4 locus (Figure 4). Two of these bm4-Mu alleles carry a Mu 
insertion in an intron, a phenomenon that can also reduce gene expression level (Luehrsen 
and Walbot, 1992). It is of course also possible that the intronic Mu insertions could affect 
intron splicing. The bm4 gene encodes a functional folylpolyglutamate synthase (FPGS) as 
demonstrated in yeast complementation experiments (Figure 5). FPGS is involved in the 
polyglutamylation of THF as part of one-carbon (C1) metabolism (Cossins and Chen, 1997; 
Mehrshahi et al., 2010).  
FPGS has been shown to play multiple roles in plants. The two known isoforms of 
FPGS of Oryza sativa appear to play roles in seed development (Anukul et al., 2010). The 
three isoforms of FPGS of Arabidopsis thaliana accumulate in the mitochondria, chloroplast, 
and cytosol (Ravanel et al., 2001). There is evidence that the mitochondrial FPGS is 
necessary for proper nitrogen utilization early in Arabidopsis seedling development (Jiang et 
al., 2012). In addition, the plastidial FPGS is necessary for post-embryonic cell expansion 
and meristem maintenance in developing roots (Srivastava et al., 2011). Double FPGS 
mutants in Arabidopsis have been shown to display embryo and seedling lethal phenotypes 
(Mehrshahi et al., 2010). In contrast, our own studies show the maize bm4 mutant does not 
exhibit any pronounced defects in seedling development, including roots (Figure S7).  
We are unaware of any prior reports of FPGS affecting lignin biosynthesis. A role for 
this enzyme in this pathway is, however, consistent with the fact that polyglutamylated THF 
is converted by a series of steps to polyglutamylated 5,10-methylene THF, which is used by 
bm2-encoded MTHFR to generate 5-methyl THF (Cossins and Chen, 1997; Mehrshahi et al., 
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2010). Polyglutamylated 5-methyl THF acts as a substrate for the synthesis of methionine, 
which is used as a substrate for the generation of SAM, which in turn serves as a methyl 
donor for the lignin biosynthetic enzymes COMT and CCoAOMT (Figure 1) (Tang et al., 
2014).  
Consistent with the hypothesis that bm4-encoded FPGS works upstream of bm2-
encoded MTHFR is the finding that both proteins are predicted to localize to the cytoplasm 
(Table S6). In addition, mutants in both genes display similar lignin phenotypes. Both 
mutants accumulate reduced concentrations of lignin in their stalks relative to wild-type. 
Notably, both mutants also exhibit increased ratios of S to G lignin in stalks relative to wild-
type (Table 1) (Tang et al., 2014). Finally, the bm4 and bm2 genes exhibit similar expression 
patterns across tissues (Figure S8). Vermerris et al. (2010) have reported that bm2-bm4 
double mutants exhibit further reductions in lignin accumulation relative to the single 
mutants and wild-type along with severe defects in plant growth. These studies were 
conducted using the reference alleles of bm2 and bm4. The double mutant phenotype could 
be most easily explained if these reference alleles are leaky mutants, such that two partial 
defects in a common biochemical pathway would result in a more extreme phenotype than 
either partial defect alone. Our results indicate that the bm4-ref allele is leaky, but do not 
provide evidence for the bm2-ref allele being leaky (Figure 3).  
Due to the involvement of FPGS in a key metabolic process, it was initially surprising 
that bm4 mutant plants are viable even though they exhibit little bm4 expression relative to 
non-mutants (Figure 3). We hypothesize that the bm4 homolog GRMZM5G869779 provides 
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sufficient FPGS activity to avoid lethality. Consistent with this hypothesis, 
GRMZM5G869779, like bm4, is expressed in many tissues (Figure S6). 
In Arabidopsis thaliana, there are three known isoforms of FPGS. Each isoform is 
localized to the mitochondria, chloroplast, or cytosol. All forms act to polyglutamylate THF, 
but do so in a compartment-specific manner (Ravanel et al., 2001). Polyglutamylation is 
thought to lock folates in the given compartment, thus directing them towards specific 
biosynthetic processes (Appling, 1991; Mehrshahi et al., 2010). The putative cytosolic FPGS 
isoform is hypothesized to act upstream of the bm2-encoded MTHFR (Ravanel et al., 2001). 
More recent literature suggests some functional overlap exists among the various 
Arabidopsis isoforms (Mehrshahi et al., 2010). It is possible that the maize FPGS isoforms 
behave in a similar fashion, because three of four subcellular localization predictions place 
BM4 in the cytoplasm (Table S6). However, subcellular localization of homologous FPGS 
proteins proved inconclusive. THF that is not polyglutamylated may diffuse into the cytosol 
and supply minimum levels of THF necessary for survival. Alternatively, the BM4 paralog 
may provide some baseline level of polyglutamylated THF to the pathway upstream of 
MTHFR. Other explanations may involve compensatory biochemical pathways. Due to the 
complex nature of carbon metabolism, it is possible that other yet discovered processes and 
enzymes may lead to polyglutamylated THF. The effect of bm4 mutants on folate 
accumulation remains to be determined. 
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Experimental Procedures 
Phenotyping bm4 mutants 
Mutant bm4 plants are easily distinguishable from non-mutants by the reddish-
brown pigmentation of their leaf midribs (Figure 2b). This dark pigmentation is visible in leaf 
midribs approximately 1 month after planting and persists through maturity. This 
pigmentation is most obvious on the abaxial side of the leaf (Figure 2b,g,i,k,m,o,q). 
 
Generation of bm4 Mu-tagged alleles 
To assist in the identification of the bm4 gene, new mutant alleles of bm4 were 
isolated by screening large populations of plants derived from two separate crosses of Mu-
active lines (female parents) by stocks homozygous for bm4-ref in 2011 (approximately 
230,000 plants) and 2013 (approximately 138,000 plants), respectively. In combination, 10 
F1 plants that displayed the typical bm4 phenotype (Figure 2b) were identified: six in the 
2011 screen and four in the 2013 screen (Table S2). 
 
Primer design 
SNPs (single nucleotide polymorphisms) and Indel Polymorphisms (IDPs) for fine 
mapping the bm4 gene were identified from RNA-Seq data (below). KASP primers to detect 
these SNPs were designed by LGC Genomics (www.lgcgenomics.com/). IDP primers and 
gene-specific primers were designed using the online primer design software, PRIMER 3 
(http://biotools.umassmed.edu/bioapps/primer3_www.cgi). 
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bm4 fine mapping 
The bm4 gene was initially mapped on chromosome 9 to an interval (198.5–201.2 
cM, 154.33–155.45 Mbp, maize RefGen v2 [AGPv2] with gene annotations v5b.60) defined 
by the flanking Taqman probes SNPT3210 and SNPT6527 (Table S7), which were identified 
via comparisons between two genetic maps: MaizeGDB’s IBM 2008 Neighbor 9 Map and 
ISU’s IBM 2009 Integrated Map (Fu et al., 2005; Lawrence et al., 2008). Subsequently, fine 
mapping was conducted in 2009 using markers IDPbm4-4 and KASP000 (Table S7), which 
narrowed the mapping interval (154,438,813– 154,565,293 bp, RefGen v2 [AGPv2] with 
gene annotations v5b.60) to one containing eight candidate genes. Additional fine-mapping 
experiments were conducted in 2013 using an F2 population segregating for bm4 and 
consisting of 10,000 plants derived from the cross between a plant that carried the bm4-ref 
mutant and the inbred line B73 (Table S2). Leaf tissue for DNA isolation was collected from 
1,417 mutant plants approximately 30 days after planting when the bm4 phenotype (Figure 
2b) could be scored. Recombinants in the mapping interval were identified using PCR-based 
IDP markers IDP154337900 and IDP154765138 (Table S7 and Table S1). Identified 
recombinants were then genotyped using various IDP and KASP markers within the mapping 
interval (Table S7 and Table S1). 
 
RNA-Seq analysis 
RNA-Seq was performed on an F2 population of 200 plants segregating for bm4 from 
a bm4-ref by B73 cross (Table S2). Plants were initially genotyped 21 days after planting and 
phenotyped 32–38 days after planting (Figure 2). Of the 200 plants, midrib tissue was 
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collected from 50 genotyped bm4-ref mutants and 50 wild-type plants 41 days after 
planting. About 1 inch of tissue was collected from the second youngest leaf of each plant 
sampled and immediately frozen under liquid nitrogen. Midribs of the bm4-ref plants and 
wild-type plants were pooled separately and pools were ground under a stream of liquid 
nitrogen. RNA was extracted from the ground samples using Qiagen’s RNeasy Plus Mini kit.  
RNA-Seq libraries were prepared by the Iowa State University DNA Facility and 
sequenced using Illumina’s GAII Sequencing technology. Single-end reads of length 75 bp 
were generated. After sequencing, raw reads were subjected to quality trimming according 
to the previously described method (Tang et al., 2014). Fisher’s exact test was used to test 
the null hypothesis that the proportions of reads of a given gene among the total reads in 
genic space are not different between the bm4 mutants and wild-type siblings. Only genes 
with at least 40 total reads from both genotypes were used to perform Fisher’s exact test. 
False discovery due to multiple testing was controlled (Benjamini and Hochberg, 1995). 
Genes with adjusted P-values (q-values) smaller than 0.001% and absolute value of log2 
mutant/wild-type fold change > 1 were declared to be differentially expressed. Note that 
this comparison did not include biological replication. Both biological and technical 
variations could contribute to the differential expression between two samples. We, 
therefore, only used the results of this analysis in prioritizing candidate genes within the 
candidate interval. 
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Expression analysis using qTeller 
The online tool qTeller (qTeller.com) was used to visualize the expression pattern of 
selected genes across various tissues. The data supplied by qTeller originates from RNA-Seq 
experiments conducted in various labs within the plant science community. Additional 
information on the datasets and in-house analysis can be found on the qTeller website: 
www.qteller.com. 
 
qRT-PCR 
One-month-old midribs from plants homozygous for five of the bm4-Mu alleles, 
bm4-ref, and B73 (Table S2) were collected according to the method described above for 
RNA-Seq analysis. Single pools of 3–4 midribs from separate plants were prepared for each 
genotype. RNA was extracted from each pool using Qiagen’s RNeasy Plus Mini kit and 
reversed transcribed with Bio-Rad’s iScript cDNA Synthesis kit. Thus, one cDNA library was 
prepared for each genotype. Two technical replicates of each cDNA sample were run with 
bm4 gene-specific primers and two technical replicates of each cDNA sample were run with 
GAP primers. Quantitative real-time PCR was performed on a Roche Light Cycler 480II 
instrument using Bio-Rad’s iQ SYBR Green Supermix. Relative expression for each sample 
was quantified using the 2-ΔΔCt method (Yuan et al., 2006). A single expression value was 
calculated for each genotype by averaging across all technical replicates. bm4 primers: 
(forward) bm4CE11L10.2 = 5’-TTGGCTAGTACGTGGCTTGA-3’ and (reverse) bm4C1E12R10.1 
= 5’-GCGCTCCATCCAAATAAAAA-3’. GAP primers: (forward) gap987f = 5’-
CTGAACGACCACTTCGTCAA-3’ and (reverse) gap1143r = 5’-TTCTCGGCATACACAAGCAG-3'. 
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Seq-Walking analysis 
DNA from six heterozygous Mu-tagging lines (bm4-Mu 11-8034B/ bm4-ref, bm4-Mu 
11-8050E-1/bm4-ref, bm4-Mu 11-8009D/bm4-ref, bm4-Mu 11-8050D/bm4-ref, bm4-Mu 11-
8052B/bm4-ref, and bm4- Mu 11-8050E2/bm4-ref) generated in 2011 from crosses 
between bm4-ref and Mu-active line plants was used for the Seq-Walking experiment (Li et 
al., 2013) (Table S2). Pooled genomic DNA from these six lines was fragmented with a 
Diagenode Bioruptor sonicator at a frequency of 30 sec on/off. The fragmented DNA was 
then purified with a Qiagen Qiaquick PCR purification kit followed by Seq-Walking library 
preparation. Library preparation and data analysis was performed according to the 
previously published Seq-Walking method (Li et al., 2013). Sequencing was performed using 
a Life Technologies’ PGM instrument. 
 
Validation of additional alleles via PCR and Sanger sequencing 
All bm4 alleles were additionally analyzed via PCR-based Sanger sequencing (Table 
S2). Mu alleles were sequenced from PCR products using a Mu-specific primer (MuTIR: 5’-
AGAGAAGCCAACGCCA(AT)CGCCTC(CT)ATTTCGTC-3’) and bm4 gene-specific primers (Table 
S4). A PCR product derived from the amplification of the MuTIR primer and a primer 
designed from GRMZM2G393334 (primer bm4C1E4R4.1) amplified in all DNA samples 
(Table S4). This PCR product is a false positive that is not associated with a Mu insertion. The 
entire transcribed regions of two of the alleles for which Mu insertions could not be 
identified (bm4-Mu 11-8034B and bm4-Mu 13-7027D) were sequenced using a combination 
of gene-specific primer pairs that covered the full-length of GRMZM2G393334 (Table S4). 
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SEQUENCHER 5.1 software was used for sequence alignment. Protein domain analysis was 
performed with the online tool SMART. ClustalW alignment of bm4 protein sequences was 
conducted using GenomeNet’s Multiple Sequence Alignment by CLUSTALW tool. 
 
Yeast complementation 
The yeast MATα met7 mutant strain was selected for yeast complementation as 
MET7 encodes an FPGS, which is essential for methionine synthesis (Masselot and De 
Robichon-Szulmajster, 1975). As such, met7 yeast mutants are methionine auxotrophs and 
cannot grow on SDC –Met media. The MATα met7 mutant strain and MATα non-mutant 
parental strain were purchased from GE Healthcare Dharmacon Inc. The complete Bm4 
coding sequence was synthesized using Integrated DNA Technologies’ gene synthesis 
service. During synthesis, additional restriction sites were incorporated into the 5’ and 3’ 
regions of the Bm4 coding sequence for use in cloning (Figure S5). Shuttle vector p413-ADH 
(Mumberg et al., 1995), was obtained from ATCC. All vectors were transformed into and 
maintained in DH5α E. coli stocks cultured in LB medium containing 50 µg ml-1 ampicillin 
(Fisher,) and isolated via the alkaline lysis method (Sambrook and Russell, 2006). E. coli 
transformation was conducted via the CaCl2 method (Mandel and Higa, 1970). Prior to 
cloning, both the shuttle vector and Bm4 insert were digested using the restriction enzymes 
SalI-HF and XbaI (New England BioLabs) following NEB’s suggested conditions. The digested 
Bm4 coding sequence and shuttle vector were isolated by gel electrophoresis using Bio-Rad 
Low Range Ultra Agarose and SYBR Gold (Life Technologies) and purified using Qiagen’s Gel 
Purification Kit. Purified insert and vector were ligated using NEB’s T4 DNA ligase following 
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the manufacturer’s recommended reaction conditions. MATα met7 mutant yeast were 
transformed with either cloned p413-ADH/Bm4 vector or empty p413-ADH vector using the 
high-efficiency LiAc/SS Carrier DNA/ PEG transformation method developed by the Gietz 
laboratory (http://home.cc.umanitoba.ca/~gietz/method.html) (Gietz and Woods, 2002). 
Gibco-BRL 10 mg ml-1 herring sperm DNA was used as the single-stranded carrier DNA. 
Transformants were selected for on SDC –His plates. Parental MATα, untransformed MATα 
met7, MATα met7 transformed with p413-ADH, and MATα met7 transformed with p413-
ADH/Bm4 strains were plated on YPD and SDC –Met media. SDC –His and –Met media were 
generated using Clontech –His and –Met/–Trp amino acid dropout media, respectively 
(http://www.clontech.com/). Other media ingredients used included Difco Bacto peptone, 
Bacto yeast extract, Bacto tryptone, Bacto agar, agar Noble, and yeast nitrogen base 
without amino acids. Additionally, Fisher dextrose, Acros LiAC dehydrate, and Sigma Trp and 
PEG3350 were also used. MATα met7-derived yeast strains were cultured in media 
containing 200 µg ml-1 G418 (AdipoGen). All E. coli strains were incubated at 37°C for 1–2 
days and all yeast strains were incubated at 30°C for 3–5 days. 
 
Phloroglucinol–HCl staining 
Midribs from 90-day-old bm4 mutants and B73 plants were hand-sectioned and 
stained for approximately 1 min with phloroglucinol–HCl. Phloroglucinol–HCl was prepared 
as a 2:1 solution of 2% phloroglucinol in 95% ethanol and hydrochloric acid. Stained sections 
were viewed using a Nikon Eclipse E800 microscope with SPOT RT slider camera attachment 
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(Diagnostic Instruments Inc.) and imaged using SPOT v. 4.0.6 software (Diagnostic 
Instruments Inc.). 
 
Characterization of bm4 lignin concentration and composition 
Entire bm4-ref and wild-type stalks were collected for lignin analysis from field-
grown F2 plants derived from two-three successive rounds of backcrossing the bm4-ref 
allele into the B73 inbred. Stalks were collected either post-anthesis (PA; approximately 2 
months after planting) or post-senescence (PS; approximately 5 months after planting). 
Stalks were cut at the first aboveground node and stripped of all leaves, ears, and tassels 
before air-drying for several weeks. Dried stalks were then processed through a Wiley mill 
with a 2 mm filter and the resulting stover was finely ground for 10 sec in a coffee grinder.  
Approximately 300 mg of ground stover was analyzed for lignin concentration via 
Klason lignin as described previously (Tang et al., 2014). The Klason lignin analyses from 
2010, 2012, and 2014 are based on one, two, and nine biological replicates per genotype, 
respectively and three, three, and two technical replicates per sample, respectively. For 
lignin composition, 10 mg of stover was subjected to thioacidolysis and analyzed by GC-MS, 
also described previously (Tang et al., 2014). The minor peaks associated with maize H-
lignin are not detected using this method. Thioacidolysis analyses for 2010, 2012, and 2014 
are based on one, two, and nine biological replicates per genotype, respectively. All 
thioacidolysis assays are based on one technical replicate per sample.  
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Identification of BM4 homologs 
Homologs of maize BM4 were identified using NCBI’s BLASTP algorithm with the full-
length BM4 protein sequence. Homologs with E-values near zero were selected for inclusion 
in the FPGS phylogenetic tree, which was constructed using the free tool Jalview following 
the previously published method (Tang et al., 2014). 
 
Subcellular localization 
Subcellular localization predictions of proteins were conducted using online 
software PSORT, iPSORT, TARGETP, and MULTILOC2 (High-Res) separately with default 
parameters for plant analyses.  
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Figures 
 
 
 
 
Figure 1. BM4 in connection with lignin biosynthesis. FPGS (BM4) is connected to the lignin 
biosynthesis pathway through a series of polyglutamylated molecules and BM2. Chemical 
structures were downloaded from KEGG (http://www.genome.jp/kegg/). “…” indicates a 
series of steps that converts polyglutamylated THF to polyglutamylated 5,10-methylene THF  
(Cossins and Chen, 1997). 
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Figure 2. Phenotypic characterization of bm4 mutant phenotypes.  bm4 mutants display 
reddish coloring of their leaf midribs. Plants shown were grown in the greenhouse under 
27oC daytime temperature and 24oC nighttime temperature. (A,B) B73 wild-type and bm4-
ref; (C,D) B73; (E,F) bm4-ref; (G,H) bm4-Mu 13-7027D; (I,J) bm4-Mu 13-7029B; (K,L) bm4-Mu 
13-7033E; (M,N) bm4-Mu 13-7064E; (O,P) bm4-Mu 11-8034B; (Q,R) bm4-Mu 11-8050D. 
Phenotypic appearance of the adaxial (A) and abaxial (B) sides of bm4-ref and B73 leaves. 
(G, I, K, M, O, and Q) Phenotypic appearance of the abaxial sides of bm4-Mu mutants. 
Phloroglucinol-hydrochloric acid staining of the adaxial (C) and abaxial (D) sides of B73 wild-
type midrib tissue. Phloroglucinol-HCl staining of the adaxial (E) and abaxial (F, H, J, L, N, P, 
and R) sides of bm4 mutant midrib tissue. 
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Figure 3. qRT-PCR expression analysis of bm4-Mu alleles. The relative expression of bm4 in 
bm4-ref mutants and 5 homozygous bm4-Mu mutants compared to B73 wild-type and the 
bm2-ref mutant (Tang et al., 2014). Error bars indicate the standard error between technical 
replicates. 
 
 
 
 
 
Figure 4. Sequence analysis of bm4-Mu alleles. Mu insertions in bm4 were detected in 
alleles 1) bm4-Mu 13-7033E, 2) bm4-Mu 11-8050D, 3) bm4-Mu 13-7029B, and 4) bm4-Mu 
13-7064E. 
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Figure 5. Maize-derived Bm4 complements the yeast met7 mutant phenotype. met7 = 
untransformed haploid mutant MATα met7 strain; MET7 = untransformed haploid MATα 
non-mutant parent; pBm4 = MATα met7 haploid mutant transformed with Bm4-containing 
p413-ADH shuttle vector; p413 = MATα met7 haploid mutant transformed with empty 
p413-ADH shuttle vector. YPD = YPD media; -Met = SDC –Met media. 
 
 
 
 
Figure 6. Homolog analysis of BM4.  Homolog analysis of BM4 across various plant species. 
“|” separates the associated organism, Protein ID, and Gene ID of each protein sequence in 
the tree.  The protein sequences used to construct the tree are the same as in Table S5. 
Brackets indicate either the name of the protein encoded or its subcellular localization. 
Boxes separate the two observed clades of FPGS proteins. 
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Figure S1. Fine mapping indicates bm4 is located in a 105 kb interval. CoGe view 
(https://genomevolution.org/CoGe/) of the originally defined bm4 interval (area within 
green bars) and the fine mapping interval (area within red bars). Markers that define the 
original and refined mapping intervals are shown in green or red text, respectively. Gene IDs 
are 1) GRMZM2G092741, 2) GRMZM2G700148, 3) GRMZM2G092723, 4) GRMZM2G092718, 
5) GRMZM2G393334, and 6) GRMZM2G092497. 
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Figure S2. RNA-Seq expression of 6 genes in the bm4 fine mapping interval. (A) IGV screen 
capture of the bm4 gene and the read coverage of bm4 mutant and non-mutant plants. (B) 
RNA-Seq read statistics for the 6 genes in bm4 fine mapping interval. NA = data not 
available. 
 
 
 
Figure S3. qTeller results for bm4 gene expression across different maize tissue types. Bars 
are colored according to the source of the data used to construct them. More information 
on the individual data sets can be found on qTeller.com. 
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Figure S4. Amino acid and conserved domain analysis of bm4 alleles bm4-ref and bm4-Mu 
11-8034B. ClustalW alignment and protein domain analysis of the maize BM4 protein 
sequence (“BM4”) with mutant bm4-Mu 11-8034B and bm4-ref-encoded protein sequences 
using GenomeNet’s Multiple Sequence Alignment by CLUSTALW tool 
(http://www.genome.jp/) and the SMART online sequence analysis tool (http://smart.embl-
heidelberg.de/). The predicted amino acid change in the bm4-Mu 11-8034B-encoded 
protein relative to wild-type BM4 is shown in a green box. Predicted amino acid changes in 
both mutant-encoded proteins relative to wild-type BM4 are shown in red boxes. The blue 
boxes define the predicted conserved Mur_ligase_M domain. Orange boxes define the 
frameshift and premature stop codon caused by the deletion in exon 14 of the bm4 mutant 
alleles. The pink boxes in the top panel indicate low complexity regions of the protein. 
 
107 
 
 
 
 
Figure S5. Bm4 sequence design for yeast complementation. The Bm4 sequence submitted 
to and synthesized by IDT for use in yeast complementation experiments. Also included are 
the sequences of primers used to positively confirm clones. 
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Figure S6. Expression pattern of bm4 vs. expression pattern of paralog GRMZM5G869779. 
qTeller generated expression pattern comparison between bm4 and its maize paralog. 
 
 
 
 
Figure S7. Comparison of bm4-ref and B73 seedling roots. Root development of 14 day-old 
seedlings. bm4-ref (left) and B73 (right) seedlings are shown. 
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Figure S8. Expression pattern of bm4 vs. expression pattern of bm2. qTeller generated 
expression pattern comparison between bm4 and bm2 (GRMZM2G347056). 
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Tables 
 
Table 1. Lignin characteristics of wild-type and bm4 mutant plants at different 
developmental stages. Klason lignin values are based on 2–3 technical replicates. 
Compositional values are based on one technical replicate. One biological replicate is a 
single, whole stalk without leaves, ears, tassel, or roots. MUT, mutant sibling homozygous 
for the bm4-ref allele; PA, post-anthesis (approximately 2-month-old); PS, post-senescence 
(approximately 5-month-old); WT, non-mutant, wild-type sibling. *Significant based on a 
one-sided Student’s T-test with significance level of P < 0.05. 
Year Stage 
Biological 
Replicates 
(n) 
Genotype 
Klason 
lignin 
(g g-1 
dry wt) 
Klason 
difference 
|WT-
MUT| 
S/G 
S/G 
difference 
|WT-
MUT| 
S G S + G 
(μmol g-1 
dry wt) 
(μmol g-1 
dry wt) 
(μmol g-1  
dry wt) 
2012 PA 1 
WT 
0.194 ± 
0.011 
0.027* 
1.32 
--- 
985 746 1731 
MUT 
0.167 ± 
0.005 
1.50 966 646 1612 
2010 PS 2 
B73 
0.245 ± 
0.008 
0.024* 
1.62 ± 
0.10 
0.48 
1274 ± 
94 
792 ± 108 
2067 ± 
202 
bm4-ref 
0.221 ± 
0.007 
2.10 ± 
0.27 
1014 ± 
147 
482 ± 8 
1496 ± 
155 
2012 PS 1 
WT 
0.198 ± 
0.007 
0.003 
1.45 
--- 
909 627 1535 
MUT 
0.195 ± 
0.004 
2.06 715 347 1062 
2014 PS 9 
WT 
0.252 ± 
0.024 
0.032* 
1.72 ± 
0.21 
0.39* 
1152 ± 
355 
689 ± 256 
1841 ± 
604 
MUT 
0.220 ± 
0.016 
2.11 ± 
0.14 
868 ± 
180 
413 ± 89 
1281 ± 
266 
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Table S1. bm4 fine mapping scores.  
This table is available as supplementary material to the published manuscript at: 
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4329605/ 
 
Table S2. Summary of bm4 alleles.  
This table is available as supplementary material to the published manuscript at: 
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4329605/ 
 
Table S3. Seq-Walking targets in the bm4 fine mapping interval. Position indicates the 
location of the given Mu insert on chromosome 9. Read counts is the number of reads that 
support the Mu insert at the particular position on chromosome 9. 
Mu Insertion Site ID No. Chr Position (bp) Read counts 
1 chr9 154,454,194 10 
2 chr9 154,454,195 6 
3 chr9 154,454,447 1 
4 chr9 154,454,454 4 
5 chr9 154,454,474 71 
6 chr9 154,454,476 1 
7 chr9 154,454,693 8 
  TOTAL 101 
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Table S4. Primer information for bm4 sequence and qRT-PCR analyses. a = primers used for 
whole gene sequencing; b = primers used for qRT-PCR; c = primers used for Seq-Walking 
library construction; d = primers used along with the MuTIR primer for Mu insertion 
detection; f = primer that gives a false positive Mu insert PCR amplification when paired 
with the MuTIR primer 
Primer ID Sequence 
bm4C1I1L2a CCACCAGTTGGAACCTGTCT 
bm4C1E3R3a GCGACGTGAATCACTTTCAT 
bm4C1E2L2a GGGACCTCATGGAGCACTAC 
bm4C1E4R4.2a CCATCAAATGTGGTGAGGTG 
bm4C1E4R4.1f GGTGAATGTGCATGTGGAAC 
bm4C1E4L5a GTTCCACATGCACATTCACC 
bm4C1E7R6a TATCTTGAATGCGAGCAACG 
bm4C1E6R7.1a GATATTCCCATGCCAGCCTA 
bm4C1E8R8a TGCCACAAACTACAGGTGCT 
bm4C1E8L9a GTGGCATATCTTCCCTTGGA 
bm4C1E12R10.1a GCGCTCCATCCAAATAAAAA 
bm4C1E12L11ab CGAGCACAGATTGTTCCAGA 
bm4C1E14R12ab GACAGCTGCCATGACAAATC 
bm4CE11L10.2b TTGGCTAGTACGTGGCTTGA 
bm4CE14L13.3a CCGAACCAATCACAACACAC 
bm4CE16R14a CAAGACATCCCCAACGAGAT 
bm4CE3L4d GATTCTGGAGCTGGAGGAGT 
bm4CE4R4.2d CCATCAAATGTGGTGAGGTG 
bm4-LA.1d GTCACCAACCCCCACCTC 
bm4-RB.2d CCAGCACCTCCTCGTACTCC 
bm4CE2L2d GGGACCTCATGGAGCACTAC 
bm4CE7R6d TATCTTGAATGCGAGCAACG 
bm4CE2R2d CCCAGCACCTCCTCGTACTC 
bm4CE3R3d GCGACGTGAATCACTTTCAT 
bm4CE4R4.1d GGTGAATGTGCATGTGGAAC 
bm4CE5R5d GTTCCAGCACCACCAGAAGT 
bm4CE7R6d TATCTTGAATGCGAGCAACG 
gap987fb CTGAACGACCACTTCGTCAA 
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Table S4 (Continued) 
 
Primer ID Sequence 
gap1143rb TTCTCGGCATACACAAGCAG 
s-itp(23mer)c CCTCTCTATGGGCAGTCGGTGAT 
s-itp-s(20mer)c CCTCTCTATGGGCAGTCGGT 
Itp_adp_1 c TCACCGACTGCCCTTT 
Itp_adp_2/5phos/
c 
TCACCGACTGCCCTTT 
MuTIR(31bp)c 
AGAGAAGCCAACGCCA(AT)CGCCTC(CT)ATTT
CGTC 
itp_mu117Cc 
CCATCTCATCCCTGCGTGTCTCCGACTCAGCG
TCTACGCCTCYATTTCGTCGAATC 
itp_mu10Cc 
CCATCTCATCCCTGCGTGTCTCCGACTCAGTG
CGCTATCGCCTCYATTTCGTCGAATCC 
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Table S5. Homologs of BM4. Gene and protein IDs for bm4 homologs/paralogs are listed 
below. The bm4 paralog, GRMZM5G869779, consists of three different isoforms indicated 
by "_T0#". The percent coverage of the BM4 protein sequence is indicated in the "% Query 
Cover" column for each homolog. % identity (similarity) to the BM4 protein sequence is 
indicated in the "% identity" column for each homolog. The clade in which each protein 
sequence falls in the phylogenetic tree (Figure 6) is indicated in the "Observed clade from 
Fig 6" column. 
Organism Gene ID 
GenBank 
Protein ID 
% 
Query 
Cover 
% 
Identity 
Observed 
clade 
from Fig 6 
Zea mays GRMZM2G393334 
AFW89831.1 
[BM4] 
--- --- 1 
Setaria italica LOC101783523 XP_004986024.1 100 84 1 
Oryza sativa Os03g0111100 NP_001048721.1 89 86 1 
Brachypodium 
distachyon 
LOC100831282 XP_003558996.1 89 85 1 
Setaria italica LOC101759990 XP_004982685.1 96 73 2 
Brachypodium 
distachyon 
LOC100828805 XP_003571948.1 94 74 2 
Zea mays GRMZM5G869779_T02 DAA49397.1 93 72 2 
Zea mays GRMZM5G869779_T03 DAA49396.1 93 72 2 
Oryza sativa Os10g0503200 NP_001064996.1 90 70 2 
Sorghum 
bicolor 
SORBIDRAFT_01g017810 XP_002464416.1 89 73 2 
Arabidopsis 
thaliana 
AT3G10160 
NP_187627.3 
[mito] 
93 50   
Triticum 
aestivum 
LOC100049051 ABP01353.1 92 83   
Arabidopsis 
thaliana 
AT5G05980 
NP_196217.2 
[plastid] 
85 62   
Arabidopsis 
thaliana 
AT3G55630 
NP_567026.3 
[cytosol] 
85 58   
Sorghum 
bicolor 
SORBIDRAFT_01g049840 XP_002466002.1 72 94   
Zea mays GRMZM5G869779_T01 DAA49398.1 58 69   
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Table S6. Subcellular localization prediction for BM4 and protein homologs in other grasses. 
Cells are filled according to clade (as determined in Figure 6). "?" indicates an inconclusive 
subcellular location. 
  
Localization Result by Program    
 
Sequence 
ID  
GenBank 
Protein ID 
Organism PSORT iPSORT  TargetP 
Multiloc2 
(High-res) 
Location 
 
GRMZM2G39
3334 
AFW89831.1 
[BM4] 
Zea mays Cytoplasm No target  Chloroplast Cytoplasm Cytoplasm 
Clade 
#1 
LOC1017835
23 
XP_0049860
24.1 
Setaria italica  Cytoplasm 
Mitochond
ria 
Chloroplast Chloroplast ? 
LOC1008312
82 
XP_0035589
96.1 
Brachypodium 
distachyon 
Mitochondr
ia 
Mitochond
ria 
Mitochondr
ia 
Mitochondr
ia 
Mitochon
dria 
Os03g01111
00 
NP_0010487
21.1 
Oryza sativa 
Mitochondr
ia 
Mitochond
ria 
Mitochondr
ia 
Mitochondr
ia 
Mitochon
dria 
GRMZM5G86
9779 
DAA49397.1 Zea mays Secreted 
Mitochond
ria 
Chloroplast 
Mitochondr
ia 
? 
Clade 
#2 
Sb01g017810 
XP_0024644
16.1 
Sorghum 
bicolor 
Secreted 
Mitochond
ria 
Chloroplast 
Mitochondr
ia 
? 
LOC1017599
90 
XP_0049826
85.1 
Setaria italica  ER 
Mitochond
ria 
Chloroplast 
Mitochondr
ia 
? 
LOC1008288
05 
XP_0035719
48.1 
Brachypodium 
distachyon 
Cytoplasm 
Mitochond
ria 
Chloroplast 
Mitochondr
ia 
? 
Os10g05032
00 
NP_0010649
96.1 
Oryza sativa Chloroplast 
Mitochond
ria 
Chloroplast Cytoplasm ? 
GRMZM2G34
7056  
NP_0011049
47.1 [BM2] 
Zea mays Cytoplasm No target  No target  Cytoplasm  Cytoplasm  
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Table S7. Markers used for bm4 fine mapping. 
 
Marker ID 
RefGen v2 
(AGP2) 
Position (bp) 
Sequence Note 
SNPT3210 
154,332,536-
154,332,555 
GTTCCAATCAACAACCAGGG forward 
  TGTATATGATCGCTACGGCG reverse 
IDP15433
7900 
154,337,900 GATGCAGCAATGCAACACTT forward 
    CGACGACGTCCATACTCCAT reverse 
KASP412 154,397,644 
GAAGGTGACCAAGTTCATGCTGTCTTCATCTAGGCTTCTT
CCATC 
ALG 
  GAAGGTCGGAGTCAACGGATTGTGTCTTCATCTAGGCTT
CTTCCATA 
ALT 
    CAAGATAATGGAAGACATGTTGAAGACCTA C1 
KASP1544
19090 
154,419,090 
CATAAGATGTTTCATTAATTTCATCATACAGAAAACAGTG
AAAGGGGGACATAAGCAATAGAACGTTCGCTTACAAGAA
GTTTCTGAACATCTGGGGCTA[G/A]TGACTCAGAAAATTC
TTTCCCACCAATGTTACCTACCTGAAAAATATTTCGATAAA
AAATGACACAGAAAGACAGAAAAAAGTGTTAATTGCATG 
[G/A] 
IDbm4-4 154,439,150 TGAAACATGCTGGTCCTCTG forward 
    CCCTTGTGGGCTGTAATGTT reverse 
KASP4797 154,457,735 
TGAAAGCATGGAAGTATGTGGCAAGTGGTTTTCCCATGT
CACAAAGGATGATACAAGGCTACCATCTTCTKTGGAGCA
GTCTCATACATCTA[G/T]GTCTCAAAAGGTATGTGYTCAC
GGCATATCTACTTTTTTAAAAGCTTGAATTGATCTACTTTT
GGTG 
[G/T] 
KASP1544
84494 
154,484,494 
ATTCACTTTGTAAAATAAATTCTCTTTGATACCATGCAACA
ACATCATCAAAGAATAACATAGAAGCAGGAACACAAATG
AATACCTGGTAAGTAAGAAG[G/A]AGCTCAACTAATGAA
TCTGCTCCATTATCCCCTGAAAGAAAAAAAAACTGTGATA
TAGGGTATATTAAACCACATAGAATCTAAATAAATGAGA
A 
[G/A] 
KASP346 154,502,595 
GAAGGTGACCAAGTTCATGCTAAACTCACCTTTTGTTGAT
CTCCCAT 
ALA 
  GAAGGTCGGAGTCAACGGATTAAACTCACCTTTTGTTGAT
CTCCCAA 
ALT 
    TGCATTTTGGTGCTCGTTTAGAGTTGAAA C1 
IDP15455
0462 
154,550,462 GACGTCAGAGGAGAGTGCAA forward 
    CCACACTCACAGACGCAACT reverse 
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Table S7 (Continued) 
 
Marker ID 
RefGen v2 
(AGP2) 
Position (bp) 
Sequence Note 
KASP000 154,565,304 
GAAGGTGACCAAGTTCATGCTAAGACATGAATGCAGAAC
GCGGA 
ALA 
  GAAGGTCGGAGTCAACGGATTAGACATGAATGCAGAAC
GCGGG 
ALG 
    TGTGCACTGTGCAGCCATTTCCTTT C1 
KASP469 154,608,767 
GAAGGTGACCAAGTTCATGCTCATTTATCATGAGTGCTCT
TGGCAG 
ALG 
  GAAGGTCGGAGTCAACGGATTCATTTATCATGAGTGCTC
TTGGCAC 
ALC 
    TAGCCCCTCCTGTTTGTTTGGTCAA C1 
KASP316 154,642,561 
GAAGGTGACCAAGTTCATGCTATAATGCAGTAATGCTTTT
CGAACCCA 
ALT 
  GAAGGTCGGAGTCAACGGATTAATGCAGTAATGCTTTTC
GAACCCG 
ALC 
    GCCTCTTTACATGTGCTCCAGCTTT C1 
IDP15476
5138 
154,765,138 CCAGCCCTTGTTTAACTGGA forward 
    CGGTTTTGTGGCTTTCAAAC reverse 
SNPT6572 
155,454,693-
155,454,712 
AAATATCGCCGTCAGAATCG forward 
    AAGCTCACCAAGGACCAGG reverse 
 
Dataset S1. SNP information for the bm4 gene across various lines.  
This table is available as supplementary material to the published manuscript at: 
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4329605/ 
 
 
Dataset S2. SNP information for bm4-Mu alleles and their progenitors.  
This table is available as supplementary material to the published manuscript at: 
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4329605/ 
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CHAPTER 4.  GENETICS AND DYNAMICS OF C EMISSION FROM STOVER: AN EVALUATION 
OF THE POTENTIAL TO BREED CROPS TO MITIGATE CLIMATE CHANGE 
 
Sarah E. Hill-Skinner1, Wei Zhang2, Teiming Ji3, Michael Castellano1, Dan Nettleton2, and 
Patrick S. Schnable1 
 
1Department of Agronomy, Iowa State University, 2035 Roy J. Carver Co-Lab, Ames, IA 
50011-3650, USA. 2Department of Statistics, Iowa State University, 2115 Snedecor, Ames, IA 
50011, USA. 3Department of Statistics, University of Missouri at Columbia, 209D Middlebush 
Hall, Columbia, Missouri 65211. 
 
Abstract 
The dynamics of C (C) emission from biomass across panels of species and biomass 
types have been well documented. In contrast, large-scale studies on the effects of 
intraspecific genetic variation on the dynamics of C emission from crop biomass have not 
been reported. Consistent with what has been reported for biomass samples from panels of 
species or from multiple tissues from a single genotype within a single species, cumulative C 
emission from maize stover samples from 495 genotypes exhibited moderate correlations 
with chemical composition (%lignin, %N and %C) and varied significantly across 
environments. Measurements of the dynamics of C emission from 4,963 maize and 604 
sorghum genotypes revealed that the most appropriate decay model varied by genotype 
and environment. Our data support the hypothesis that the C emission dynamics of a given 
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stover sample, and hence the decay model that best fits that sample, is a function of sample 
composition, genotype, maturity and the environment in which the genotype was grown. 
Variation in the compositional traits as well as C:N, lignin:N, and lignin:C ratios, in aggregate, 
could explain up to only 48% of the observed phenotypic variation in cumulative C emission, 
demonstrating that other factors contribute significantly. In maize, the heritability (H2) of 
cumulative C emission was between 0.25 and 0.48, and genotype explained between 23% 
and 56% of the observed phenotypic variation. With the exception of maturity, correlations 
were not observed between cumulative C emission and multiple agronomic traits of maize.  
GWAS identified numerous candidate maize and sorghum genes for cumulative C emission. 
Genomic prediction accuracy for cumulative C emission in maize was moderate (R = 0.4). In 
summary, these findings demonstrate the feasibility of breeding for genotypes with 
increased C sequestration potential.  
 
Introduction 
According to the Intergovernmental Panel on Climate Change (IPCC), global climate 
change driven by rising levels of atmospheric CO2 will pose imminent and potentially 
irreversible threats to agricultural and other ecological and economic systems (Core Writing 
Team, 2015). The IPCC and the National Academy of Sciences (NAS) have reported on the 
potential of soil-based C sequestration to mitigate climate change (Metz et al., 2005; 
Committee on Geoengineering Climate, 2015). In this context, sequestration refers to the 
transfer of atmospheric CO2 into long-lived pools of soil organic matter via the addition of 
crop biomass to soil.  
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Sequestration is a function of the resistance of biomass to decomposition. Soil C 
emission, which is the main pathway by which C moves from the soil into the atmosphere 
(Ryan and Law, 2005) is a by-product of aerobic microbial activity (Berg and McClaugherty, 
2008). Soil C emission has been studied extensively in both the field and laboratory (Berg 
and McClaugherty, 2008). Laboratory-based studies of soil C emission benefit from an 
elevated degree of control over environmental variables and hence an increased ability to 
assay the effects of diverse factors on soil C emission (Johnson et al., 2007; Walela et al., 
2014).  
The dynamics of soil C emission from decaying crop biomass has been described in 
detail with several models receiving considerable attention (Wieder and Lang, 1982). The 
single exponential model proposed by Jenny et al. (1949) uses a single exponential decay 
rate constant to describe C emission over time. While useful in making comparisons across 
studies, its simplicity ignores the two-step nature of decomposition. The double exponential 
model is based on the understanding that plant biomass can be partitioned into distinct 
pools of C each with its own exponential rate of decay (Wieder and Lang, 1982). The “fast 
pool” is composed mainly of labile compounds such as sugars and explains the majority of 
early C emission from biomass. The “slow” or recalcitrant pool is formed from recalcitrant 
compounds and dictates the later stages of biomass decay (Wang et al., 2004; Johnson et 
al., 2007; Walela et al., 2014).  
One such recalcitrant compound, lignin, is an integral cell wall component and the 
second most abundant terrestrial biopolymer in the world. Approximately 30% of the C 
fixed by terrestrial plants is incorporated into lignin (Boerjan et al., 2003). Lignin plays a key 
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role in the structural integrity of plants and defense against pests and most pathogens 
(Barriere et al., 2007). Another important compositional trait is biomass C:N ratio, with a 
lower ratio typically associated with higher microbial activity and thus soil C emission 
(Franck et al., 1997; Gorrisen and Cotrufo, 2000). Various studies have also linked %lignin 
and %N, along with other biomass components to biomass decomposition (Herman et al., 
1977; Baldock et al., 1997; Wang et al., 2004; Johnson et al., 2007; Gul et al., 2012; Chen et 
al., 2014; Walela et al., 2014). Other characteristics of interest include biomass origin and 
environmental conditions on decomposition (Berg and Tamm, 1991; Aerts, 1997; Katterer et 
al., 1998; Sanger et al., 1998). 
The NAS has proposed the use of plants bred or engineered to sequester increased 
atmospheric C as an important future research direction (Committee on Geoengineering 
Climate, 2015). Although the existence of interspecific variation in C emission has been well 
documented (Franck et al., 1997; Gorissen and Cotrufo, 2000; Wang et al., 2004), there 
have been no large-scale studies of the intraspecific variation in C emission. Thus, it was not 
known whether there is sufficient genetic variation within crop species to permit breeding 
for C sequestration potential. 
Our study demonstrates that cumulative C emission from maize stover exhibits 
moderate heritability and GWAS yielded candidate genes from both  maize and sorghum. 
Further, the relatively high accuracy of genomic prediction for cumulative C emission and 
the lack of correlation with many agronomic traits indicate the feasibility of breeding crops 
having increased C sequestration potential.  
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Results 
C emission in the NAM founders 
Although the chemical composition of maize stover is known to vary among 
genotypes (Hazen et al., 2003) the amount of variation for C emission has not been 
reported. To directly test whether intraspecific genetic variation contributes to variation in 
the emission of C from stover, we conducted a pilot experiment in which we assayed 
cumulative C emission from a diverse maize population, which included 15 founders of the 
NAM population (Yu et al., 2008) and 3 of the six brown midrib mutants (Methods). The 
NAM founders are a set of 26 inbreds selected to sample the genetic diversity of the maize 
genome (Yu et al., 2008). The brown midrib mutants are a group of lignin-deficient mutants 
whose causal genes play important roles directly in and upstream of lignin biosynthesis 
(Vignols et al., 1995; Halpin et al., 1998; Chen et al., 2012; Tang et al., 2014; Li et al., 2015). 
Previous literature has implicated various plant compositional traits, including %lignin, as 
affecting C emission (Martens, 2000; Wang et al., 2004; Johnson et al., 2007; Walela et al., 
2014; Stewart et al., 2015).  
Ground stalk biomass of multiple plants from each genotype were pooled and mixed 
with soil to generate 2 gallon mesocosms (Methods). A Li-Cor LI-8100 infrared gas-analyzer 
was used to measure the rate of C emission from the mesocosms over a period of 55 days 
(Methods). In total, ~50 rate data points were collected for each sample, with 
approximately half of those points collected during the first three days. This process was 
repeated during a second independent run conducted using all genotypes. Both air and soil 
temperatures were recorded, as diurnal changes in both affect soil microbe activity.  
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As observed in earlier studies (Wieder and Lang, 1982; Wang et al., 2004; Johnson et 
al., 2007; Walela et al., 2014), C emission peaked sharply within 1-2 days of the activation of 
the soil microbiome via watering (Figure 1). To test whether total C emission varies 
significantly among our maize genotypes, we developed a statistical model to estimate total 
C emission over the 55 days of incubation. The key terms included in the model were 
genotype and air temperature (Methods). Soil incubation of stover from the most 
recalcitrant genotype of those tested, Oh7B, led to emission of, on average, 27% less C/m2 
than soil incubation of stover from the least recalcitrant genotype, CML247 (Table 1) (Figure 
1).  
C emission was also modeled as a function of genotype and run (Methods). 
Genotype explained 56% of the variation in C emission (p-value = 0.006), while run was not 
a significant contributor of variation to this trait (p-value > 0.05). In combination, these 
results indicate that both environment and genotype contribute significantly to cumulative 
C emission variation.   
 
Cumulative C emission from maize and sorghum stover 
To expand on these results, we assayed C emission from stover obtained from the 
maize NAM RIL mapping population. The NAM RILs are a population of recombinant inbred 
lines (RILs) generated from biparental crosses between the B73 reference line and the other 
25 NAM founders (Yu et al., 2008). In 2007 (Year-1), lower stalk biomass was harvested 
from 4,963 NAM RILs grown in Urbana, IL (Methods). Similar samples were collected from 
two blocks of 518 NAM RILs from a field at Kelly Farm, in Ames, IA grown during 2015 (Year-
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2). One of these blocks (Block-II) has two planting dates (Methods). Finally, sorghum stover 
was harvested from a diversity panel of 282 photoperiod-sensitive and 322 photoperiod-
insensitive lines grown at the Agricultural Engineering and Agronomy Research Farm in 
Ames, IA during 2014 (Methods). In Iowa most photoperiod-sensitive sorghum accessions 
continue to grow until frost.  
To analyze this large number of samples (N > 6,000) it would be convenient to use 
smaller microcosms as compared to the mesocosms used in the pilot study and to assay C 
emission over a shorter period of time (13 days vs. 55 days) (Methods). To determine 
whether this would provide accurate results, we compared the values of cumulative C 
emission over 13 days from the NAM founders and bms measured using the microcosms vs. 
the original method and found that they were strongly correlated (R = 0.91, p-value < 0.01; 
Figure 2A). Similarly, cumulative C emission over 13 and 43 days assayed using microcosms 
also exhibited a strong correlation (R = 0.99, p-value < 0.01; Figure 2B). Hence, for 
subsequent experiments we measured C emission in microcosms over 13 days (Methods). 
The mean values and ranges of cumulative C emission were similar across the NAM 
RILs grown in Year-1 and the two blocks of NAM RILs grown in Year-2 (Table 2). Thus, at a 
species level, the distributions of C emission from maize stover are relatively similar across 
environments. The mean value of cumulative C emission across the sorghum samples was 
higher than the mean of means for the maize samples (29.1 mg C vs. 19.7 mg C, 
respectively)(Table 2). It is important to note, however, that due to differences in tissues 
used between the two species, these numbers may not be directly comparable because 
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previous studies have observed significant differences in C emission across tissues even 
within the same species (Wang et al., 2004).  
 
%Lignin, %N, and %C 
Compositional components of plant biomass have been previously linked to 
differences in C emission among species or across tissues within a species (Herman et al., 
1977; Baldock et al., 1997; Franck et al., 1997; Gorissen and Cotrufo, 2000; Wang et al., 
2004; Johnson et al., 2007; Gul et al., 2012; Chen et al., 2014; Walela et al., 2014). Often 
implicated are %lignin, %N, C:N ratio, and lignin:N ratio. We asked whether these traits 
(plus %C and the ratio of lignin:C ) also correlated with C emission across genotypes within a 
species. As a first step, we generated compositional data for all 1,021 Year-2 NAM RILs 
(Methods). BLUPs were then calculated for these compositional traits and cumulative C 
emission (Methods). 
Consistent with previous studies (Wang et al., 2004; Johnson et al., 2007), BLUPs for 
%lignin, C:N ratio, lignin:N ratio, and lignin:C ratio were statistically significantly negatively 
correlated with C emission BLUPs (Table 3). Interestingly, however, when the two blocks 
were analyzed separately, although the directions of correlations between compositional 
traits and C emission were similar, the strengths of these correlations differed substantially 
(Figure 3A and 3B). This was surprising given the similarity of the distributions of C emission 
and compositional traits across environments. To further dissect the cause of these 
disparities across blocks, we decided to treat the blocks separately in some of the 
subsequent analyses. 
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Variation in C emission across environments within genotypes 
Accordingly, we compared compositional traits and cumulative C emission of the 
same genotypes across blocks and years. The average correlation of cumulative C emission 
between Year-1 and Year-2 was weak (R = 0.19, p-value < 0.01). Similarly, cumulative C 
emission and most compositional traits exhibited only moderate correlations across Year-2 
blocks (R > 0.5 and <= 0.7, p-value < 0.05) (Table 4). 
To assess the extent of plant-plant variation in C emission, we separately measured 
C emission from two plants grown in the same Year-1 row for each of 60 genotypes 
(Methods). We again observed large differences in C emission when comparing the 
duplicate plants (R = 0.55, p-value < 0.01), indicating significant plant-plant variation in C 
emission, even within the same row. To better understand all of these sources of variation, 
we next looked at C emission over time. 
 
Dynamics of C emission  
To examine decay dynamics of maize and sorghum, %C remaining was calculated by 
subtracting cumulative C emission from %C. For maize, %C was measured on all Year-2 
samples, as discussed previously, and a random sample of 200 genotypes from the 4,963 
NAM RILs from Year-1 (Methods). As observed with hardwoods (Lamlom and Savidge, 2003; 
Ma et al., 2017), in our maize samples %C varied at most by ±10% across all genotypes. 
Similarly, %C varied only ±5% among 60 sorghum genotypes (30 random photoperiod-
insensitive and 30 random photoperiod-sensitive genotypes). 
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Maize and sorghum genotypes were initially fit to both double exponential and 
single exponential models (Introduction). The double exponential model is characterized by 
a constant, Cr, for the percent of C in the slow-degrading C pool and two rates constants, kr 
and kl, for the rate of C emission from the slow-pool and fast-degrading C pool (100-Cr), 
respectively. The single exponential model is characterized by only a single constant, k, for C 
emission rate. Typically, researchers have selected one model for all samples in a study. 
However, we observed that the double exponential model fit some genotypes better than 
the single exponential model and vice versa. Hence, we opted to assign each genotype to 
the model which best fit its decay curve (Methods). Based on C emission rate patterns 
(Figure 4), the double exponential model best fits genotypes that have a distinct peak in 
early C emission. The number of genotypes assigned to the double exponential model was 
232 (45%) for Year-2/Block-I and 332 (65%) for Year-2/Block-II, but only 76 (2%) for Year-1. 
The remaining genotypes for each dataset were assigned to the single exponential model. 
Of the 604 sorghum genotypes, 286 and 318 were assigned to the double and single 
exponential models, respectively. For all maize and sorghum samples model constants were 
calculated using the assigned model (Methods) (Figure 3A and 3B). 
The early peak in C emission associated with the double exponential model reflects 
the decay of the so-called labile C pool (Wieder and Lang, 1982). This peak may be absent if 
biomass is highly lignified and/or if decay has occurred in the field prior to soil incubation 
resulting in the loss of labile C components from senesced plant biomass (Berg and 
McClaugherty, 2008). For maize, average C emission was significantly lower for single 
exponential genotypes, which also display significantly higher average %lignin and 
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significantly lower average days to tassel as compared to the double exponential genotypes 
(Figure 5A, 5B, and 5C). Early tasseling genotypes will, on average, mature and senescence 
earlier and thus experience a longer period of decay in the field than later tasseling 
genotypes. For sorghum, 87% of photoperiod-insensitive lines were assigned to the single 
exponential. In Iowa, photoperiod-insensitive sorghum mature earlier, and thus experience 
a longer period of decay in the field as compared to photoperiod-sensitive plants. 
Days to tasseling does not, however, explain all of the variation in decay models. For 
example, of the 495 genotypes that were included in both Year-2 blocks, 175 were assigned 
to opposite decay models between the two blocks. Of these 175 genotypes, 139 were 
assigned to the double exponential model in Block-II (and thus the single exponential model 
in Block-I), which is significantly greater than expected by chance.  
 
Decay dynamics and compositional traits 
It has been reported that among species or tissues within a species significant 
correlations exist between decay model constants and various compositional components 
of plant biomass (Wang et al., 2004; Johnson et al., 2007; Walela et al., 2014). As observed 
above with C emission, while across blocks the direction of the correlations between 
compositional traits and decay model constants is similar, the strengths of these 
correlations differ. Rate constants kr and k shared the same correlations with compositional 
traits for both blocks. Notably, kr and k showed significant positive correlation with %N and 
significant negative correlations with C:N and lignin:N ratios where kl did not (Figure 3A and 
3B). %N is often implicated in C emission at later stages of decay when limited soil N 
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depresses microbe activity (Berg and McClaugherty, 2008). Since kr and k both seem to 
correspond to C emission at advanced stages of decay in our samples, these correlations 
could be related to N-limitation.  
We also found that %lignin and lignin:C ratio were significantly correlated with 
nearly all constants, regardless of decay model or block (Figure 3A and 3B), underlining the 
previously described importance of lignin to C emission (Wang et al., 2004; Johnson et al., 
2007; Walela et al., 2014). The correlation between %lignin and Cr was in the opposite 
direction as that for kr for both blocks (Figure 3A and 3B). The positive correlation of Cr with 
lignin is unsurprising when considering that more of the C in samples with higher 
concentrations of recalcitrant compounds is necessarily contained within the recalcitrant 
pool (i.e. Cr). Similarly, samples with higher concentrations of more recalcitrant compounds 
are expected to exhibit lower decay rate constants (i.e. kr).  
 
Linear modeling of cumulative C emission 
Multiple linear regression can be used to estimate the amount of variation in one 
trait that is explained by variation in two or more other traits. Based on its correlation with 
compositional traits, cumulative C emission can be modeled as a linear function of %C, %N, 
and %lignin. In lieu of including ratios of traits in the model, which exhibit high correlations 
with their component terms, interaction terms for %C and %N, %lignin and %N, and %lignin 
and %C were used. Following model reduction, the final model included the three main 
effect terms and the interaction term for %C and %N. When considering BLUPs, the model 
could explain 27% of variation in C emission (p-value < 0.01).  When blocks were analyzed 
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separately, the model explained 21% and 48% of variation in cumulative C emission for 
Blocks-I and -II, respectively (p-values < 0.01).  
Multiple linear regression was also performed separately on the genotypes assigned 
to the single and double exponential decay models. The model terms were the same as the 
model for the full dataset. The model explained 23% and 39% of the variation for double 
exponential model samples from Block-I and Block-II, respectively (p-value < 0.01). For the 
single exponential grouping, the model explained only 8% and 30% of the variation for 
Block-I and Block-II, respectively (p-value < 0.01). The fact these models can explain at best 
less than half of the variation in C emission once again supports the significant role of 
environment on cumulative C emission and compositional traits. 
 
Potential microbial action 
Because of the observed differences in cumulative C emission and compositional 
traits across field blocks in Year-2 , we were curious if microbes that persist on dried and 
processed stover may play a role in determining decay model grouping. To test this, we 
simultaneously tracked cumulative C emission from microcosms containing either 
autoclaved or non-autoclaved stover from 40 random genotypes originally assigned to 
either decay model. Of the 40 genotypes, only 3 had autoclaved and non-autoclaved 
replicates assigned to different decay models. Overall, correlation in cumulative C emission 
between autoclaved vs. non-autoclaved samples was high (R = 0.87, p-value < 0.01). Thus, 
there is no strong evidence that the microbes associated with the dried, processed stover 
interact with the soil microbiome and affect C emission. However, it is still possible that 
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microbes in the field (both on and in the plant and soil) have an influence on final stover 
cumulative C emission through direct/indirect alterations of plant composition and growth. 
 
Heritability, accuracy of genomics prediction, and GWAS 
Despite environmental/biological variation, all compositional traits with the 
exception of %C showed moderate broad-sense heritability based on Year-2 data (Table 4). 
In agreement with our calculations using the NAM founders, maize cumulative C emission 
also showed moderate heritability at H2 = 0.48 when calculated with only the Year-2 data 
set (Table 4). Consistent with observed environmental control of this trait, substantially 
lower heritability was observed when using both years’ data for the 495 genotypes used in 
both years and blocks (i.e., H2 = 0.25).  
In addition to heritability, we also performed GWAS for cumulative C emission 
(Methods). To identify specific genes that affect cumulative C emission, we conducted 
GWAS using the C emission BLUPs of the 4,660 genotyped NAM RILs (Methods). One-
hundred and four significant SNPs, associated with 140 candidate genes were identified 
(Figure 6A)(Tables 5 and 6). A similar GWAS on sorghum C emission yielded 6 significant 
SNPs and 28 associated candidate genes (Figure 6B)(Tables 5 and 6). 
The heritability of cumulative C emission and our ability to identify candidate genes 
via GWAS demonstrate that this trait is under genetic control. Even so, our data indicate 
that cumulative C emission is under the control of many small effect genes and is subject to 
substantial environmental effects. Genomic selection is an efficient approach for breeding 
for such traits because it replaces phenotypic selection. Genomic selection estimates 
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genomic marker effects using a phenotyped and genotyped training set and then predicts 
phenotypes of genotyped lines based solely on these marker effects. The accuracy of 
predictions can be calculated as the correlation between predicted and observed values. 
The prediction accuracy for C emission BLUPs of the 4,660 genotyped NAM RILs was 
moderate based on five-fold cross-validation (R = 0.4, p-value < 0.01). This is consistent with 
the observed low-moderate estimates of heritability (Table 4), and is also within the range 
of reported prediction accuracies for multiple agronomic traits in various crops 
(Windhausen et al., 2012; Muranty et al., 2015; Huang et al., 2016, Roorkiwal et al., 2016; 
Shikha et al., 2017).  
 
C emission and agronomic traits 
Of potential concern is how manipulating the genetic controls of C emission may 
affect important agronomic traits. To address this, we compared the C emission BLUPs of 
the 4,660 genotyped NAM RILs to the BLUPs calculated for various agronomically important 
traits for maize (Methods), including plant height, days to tassel, and kernel weight. None of 
the correlations between C emission BLUPs and agronomic trait BLUPs was greater than an 
absolute value of 0.1. 
 
Discussion 
According to the Intergovernmental Panel on Climate Change (IPCC), global climate 
change driven by rising levels of atmospheric CO2 will pose imminent and potentially 
irreversible threats to agricultural and other ecological and economic systems (Core Writing 
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Team, 2015). Over the last century, the C content of agricultural soils has decreased 
dramatically (Donigian Jr. et al., 1994; Matson et al., 1997; Committee on Geoengineering 
Climate, 2015), and this loss represents a potential C sink for atmospheric C. In response, 
the National Academies of Science has proposed breeding or engineering plants to 
sequester increased atmospheric C (Committee on Geoengineering Climate, 2015). In 
addition to reducing atmospheric C, increased soil organic C concentrations could yield 
favorable externalities such as reduced flooding potential and improved water quality due 
to reduced nutrient run-off (Carter 2002; Amundson et al., 2015).  
The goal of this study was to determine whether the recalcitrance of crop biomass 
exhibits sufficient genetic variation and heritability to enable the breeding of varieties with 
increased C sequestration potential. Towards this end, we examined the environmental, 
compositional, and genetic controls of this trait in maize and sorghum. As with previous 
studies (Baldock et al., 1997; Wang et al., 2004; Johnson et al., 2007; Walela et al., 2014), 
we found C emission from crop biomass is correlated with variation in compositional traits 
such as %lignin, %N, and %C. The strengths of these correlations, however, varied across 
environments. We found that decay dynamics from stover, and by extension cumulative C 
emission, varied across environments, indicating strong environmental control over this 
trait. Consistent with this observation, multiple regression revealed that much of the 
observed variation in C emission could not be explained by these compositional traits. In 
spite of this environmental influence, moderate heritability was observed for C emission 
and GWAS identified candidate genes for this trait in maize and sorghum. Finally, the 
moderate genomic predictability for this trait, and lack of significant correlations with many 
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agronomic traits, demonstrate that it should be feasible to breed crops for increased C 
sequestration potential, at least in maize and sorghum. 
 
Genotype effects and heritability 
The pilot conducted on the NAM founders demonstrated that genotype is 
significantly associated with C emission, as has been reported in previous studies involving 
tree species (Bandau et al., 2017; Li et al., 2017). These previous studies were, however, 
based on small numbers of genotypes and did not report on genotypic contributions to 
variation, nor did they provide estimates of heritability for C emission. In a population 
consisting of 495 genotypes measured over two years, we found that genotype could 
explain 23% of variation in C emission and broad-sense heritability was 0.25. The substantial 
variation observed in this study for C emission across environments agrees with 
observations from studies of other species (Johnson et al., 2007; Yanni et al.,  2011, Gao et 
al., 2016). 
 
Decay dynamics 
Various mathematical models have been proposed to describe the dynamics of soil C 
emission following the addition of biomass (Wieder and Lang, 1982). Previous studies 
involving small numbers of genotypes from single species have fit their data to a single 
decay model. In this study involving a large number of maize genotypes (N = 4,963), we 
observed significant variation in model fit among genotypes. Based on C emission rate 
patterns (Figure 4), genotypes that best fit the single exponential model lack the distinct 
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peak in early C emission that has been ascribed to the decay of the labile pool of C that is 
included in the double exponential model. This peak of soil C emission may be absent if 
biomass is highly lignified (Berg and McClaugherty, 2008). In agreement with this 
hypothesis, single exponential genotypes have significantly elevated average lignin 
concentrations relative to double exponential genotypes (Figure 5B).  
In addition, the early C emission peak associated with the double exponential model 
may also be absent if premature loss of labile components occurred during decomposition 
in the field after senescence but prior to soil incubation (Berg and McClaugherty, 2008). 
Thus, we hypothesized plants with longer post-senescence periods in the field (i.e., earlier 
flowering genotypes) prior to harvest are more likely to lack the early C emission peak 
associated with the double exponential model. In agreement with this hypothesis, 
genotypes assigned to the single exponential model exhibit significantly fewer average days 
to tassel than genotypes assigned to the double exponential model (Figure 5C). 
Interestingly, the Year-1 samples spent the longest time in the field of all experiments 
(Methods), and had the flattest rate curves and a much higher percentage (98%) of 
genotypes assigned to the single exponential grouping than the Year-2 samples (60%). 
Assignments of sorghum samples to decay model were almost perfectly grouped by 
photoperiod sensitivity. Again, this could relate to the fact the photoperiod-insensitive lines 
mature earlier and thus experience a longer period of decay in the field in contrast to the 
photoperiod-sensitive plants, which stay green until harvest in late fall.  
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Compositional traits and decay constants 
Each decay model is described by a number of estimated constants. For the double 
exponential model, Cr is the slow pool C, kr is its C emission rate constant, and k is the fast 
pool C (100-Cr) emission rate constant. The single exponential model only has a single C 
emission rate constant, k. In agreement with previous literature, we found various biomass 
compositional traits were correlated with cumulative C emission and decay model constants 
(Wang et al., 2004; Johnson et al., 2007; Walela et al., 2014). Not yet explored in the 
literature, is how correlations between these traits differ among genotypes assigned to 
different decay models within a given species. We found that %lignin and lignin:C ratio were 
significantly correlated with nearly all constants, regardless of decay model (Figure 3A and 
3B). The strength of this correlation was highest for the double exponential slow pool rate 
constant, kr, and the single exponential rate constant, k (Figure 3A and 3B). In the case of kr, 
later decay stages have increased proportions of lignin (Baldock et al., 1997; Wang et al., 
2004; Berg and McClaugherty, 2008). For k, as shown above, the single exponential 
genotypes have increased average %lignin compared to double exponential genotypes. This 
underlines the importance of lignin in determining maize cumulative C emission, regardless 
of decay dynamics. 
Of perhaps greater interest, of the model constants, only kr and k were significantly 
correlated with %N. This could perhaps be related to soil N availability, where initial 
biomass N only becomes relevant to C emission rate when the soil enters a later N-limited 
stage (Berg and McClaugherty, 2008). As we hypothesized above, the single exponential 
genotypes may already be in an advanced stage of decay, thus explaining why N would be 
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as important to k as it is to kr. Alternatively, the higher the proportion of lignin in biomass 
(caused either by loss of labile compounds during decay or simply higher initial lignin), the 
more it contributes to emission from biomass and becomes a stronger determinant of C 
emission. In this case, other compositional traits that interact with lignin also become more 
important, such as %N and %C. 
 
GWAS candidates 
A number the GWAS candidates for maize C emission BLUPs play potential roles in 
cell wall and lignin biosynthesis. One candidate encodes a putative WD40-repeat (WDR) 
protein, which may act as hubs for the complex assembly of plant secondary cell walls 
(Guerriero et al., 2015). Another candidate gene encodes a putative laccase, which are 
known to oxidize phenolic substrates including lignin (Cesarino et al., 2016). A third 
candidate gene is putatively involved in S-adenosyl-L-methionine metabolism, a compound 
important for lignin biosynthesis (Tang et al., 2014; Li et al., 2015) (Table 6). Various other 
candidate genes are putatively involved in sugar metabolism/transport, cell wall formation, 
photosynthesis, and regulation of transcription (Table 6). 
Several of the sorghum candidate genes may be involved in photosynthesis and 
senescence. One candidate is putatively involved in synthesis of the most active lipid-
soluble antioxidant, α-tocopherol (Houssain et al., 2013), which may play important roles in 
photosynthetic photochemical quenching and electron transport (Munné-Bosch and Alegre, 
2002). Another candidate has an Arabidopsis homolog that also functions in the delay of 
senescence (Saint Paul et al., 2011). Other sorghum candidate genes have Arabidopsis 
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homologs that play roles in altering cell wall architecture and stem biomechanics (Chavez 
Montes et al., 2008; MacMillan et al., 2010)(Table 6). 
The above GWAS candidates are potential targets for breeding of C sequestration. 
Of potential concern is how manipulating these genetic controls may affect important 
agronomic traits. However, our comparison of C emission BLUPs to agronomic trait BLUPs 
found no evidence that breeding for decreased C emission will strongly affect agronomic 
traits. 
 
Recommendations for breeding 
Based on our observations of biological and environmental variation in C emission, 
we suggest optimal biomass harvest would occur after plant biomass has fully senesced. As 
observed in our previous studies with bm mutants, lignin continues to accumulate after 
flowering (Tang et al., 2014; Li et al., 2015). Because lignin plays an important role in 
determination of C emission from stover, biomass should be harvested after lignin has 
finished accumulating at senescence. Because of observed plant-plant variation in C 
emission, future assays should pool many plants of the same genotype into a single biomass 
sample to obtain a more robust estimate of a genotype’s true C sequestration potential. 
Similarly, due to differences observed across environments, optimally samples should be 
collected from multiple environments. Because of diurnal changes we observed in microbial 
activity in the greenhouse-incubated mesocosms, we recommend incubating 
meso/microcosms in environments with controlled temperature, humidity and light 
intensity. 
139 
 
Conclusions 
Despite the large contribution of environmental variation to C emission – and by 
extension C sequestration – reasonable measures of heritability and genomic predictability 
for this trait make it an attractive breeding target. Given the logistical complications 
associated with directly measuring C emission and because the more easily measured 
compositional traits do not fully explain variation in C emission, genomic selection is a 
promising approach for improving plants for this trait. It is notable that C sequestering crops 
could be readily deployed to farmers via existing distribution channels and could be used in 
tandem with other soil-based C sequestration approaches, such as biochar (Sohi et al., 
2010). Additionally, because our data suggest that breeding for C sequestration will not 
strongly impact agronomically-relevant traits, this strategy is highly promising. 
 
Experimental Procedures 
NAM founder and bm stover samples and soil mesocosms 
Stover samples for the pilot were generated from stalks of 15 NAM founder inbred 
lines, B73, B97, CML228, CML247, CML322, CML52, CML69, Ky21, M162W, M37W, Mo17, 
NC350, NC358, Oh43, Oh7B and three brown midrib mutants, bm1 (Halpin et al.,  1998), 
bm3 (Vignols et al., 1995), and bm4 (Li et al., 2015). The three bm mutants had been 
backcrossed into the B73 inbred 3-4 generations. Two stover samples were generated per 
genotype, with each sample composed of 2-3 whole stalks. All plants were grown at Curtiss 
farm, Ames, Iowa during the summer of 2013. After senescence, stalks (minus leaves, ears, 
brace roots, and tassels) were cut below the second node above the ground, air-dried, and 
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ground using a Wiley Mill with a 2mm pore filter. Stalks were selected for stover generation 
because fall tillage of maize fields encourages intimate association of aboveground biomass 
with the soil matrix (Brown et al., 2014). Additionally, roots were excluded from biomass 
collection due to the difficulty associated with harvesting total root biomass. Altogether, a 
total of 38 samples (two biological replicates each of 15 inbred lines + 3 brown mid-rib 
mutants + 1 no-stover control) were tracked for C emission. 
The top 6-8 inches of a Clarion loam (collected from Curtiss farm, Ames, Iowa in the 
summer of 2013) was homogenized for use in soil mesocosms. Thirty grams of each stover 
sample were thoroughly mixed with 1900 g of dry, homogenized soil (bulk density of 1.29 
g/cm3). Each mixture was placed in a separate pot 20 cm in diameter and 14 cm in depth 
containing an additional 5,570 g of the same homogenized soil to form a single mesocosm. 
Each biological replicate of stover was randomly assigned to one of two runs so that each 
run contained one replicate of each of the 18 genotypes plus a single no-stover control 
(blank). For each run, the mesocosms were randomly assigned to one of two levels of a 
shelving unit with 9-10 mesocosms per level. The entire shelving unit was placed in a 
greenhouse with controlled room temperature and humidity. We activated each mesocosm 
with the addition of 1,500 mL of water (~53% of the total soil porosity) 2 hours before its 
first CO2 emission measurement. Additional watering was conducted as necessary to 
maintain at least 26% of the soil’s water holding capacity (~10% volumetric water content). 
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Measuring CO2 emission on NAM founders 
CO2 emission was measured in µmol/m2/s using a Li-Cor LI-8100 infrared gas 
analyzer coupled with a 20 cm survey chamber (www.licor.com). Soil collars (Li-Cor) were 
used to position the survey chamber over each mesocosm. Bottoms of mesocosms were 
sealed tightly with parafilm. The first measurement day is recorded as day 0 (2 hours after 
activation by watering), and CO2 emission was measured on 25-30 observation days, 
depending on the run, for each mesocosm. For run one, these included days 1, 3, 4, 5, 7, 10, 
11, 12, 13, 14, 15, 16, 17, 18, 19, 20, 21, 24, 26, 28, 31, 33, 41, 48, and 55 of incubation. For 
run two, days 6, 8, 9, 22, and 23 were also included while days 24, 26, and 28 were replaced 
with days 25, 27, and 29.  Each measurement took 3 minutes, with a chamber offset of 30 
seconds. Each mesocosm was measured once at each time point. The area of soil 
encompassed by the survey chamber was 314.16 cm2. Because temperature and moisture 
have been reported to be influential for CO2 emission, we also measured the soil 
temperature, edge moisture, and center moisture of each mesocosm before each emission 
measurement. Soil temperature measurements were taken with an Omega soil 
temperature probe and moisture measurements were taken using an ECH2O Model EC-5 
soil moisture probe (Li-Cor). We averaged the edge moisture and center moisture 
measurements, resulting in a single moisture value for each emission measurement. 
 
Relationship between soil temperature and air temperature 
Although soil temperature was measured at the same time as C emission, the air 
temperature in our greenhouse is automatically recorded every 15 minutes, thereby 
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providing the opportunity to obtain higher resolution estimates of soil temperature. In our 
greenhouse, soil temperature and air temperature are correlated, but this relationship is 
not strictly linear. To better predict soil temperature based on air temperature, soil 
temperature and moisture were monitored in 19 mesocosms (covering all four levels of the 
shelving unit) over a period of 48 hours. Soil measurements were taken automatically every 
minute while greenhouse air temperature was taken every 15 minutes. Soil measurements 
were automatically recorded using a Spectrum Technologies WatchDog 2400 External 
Sensor Mini Weather Station with Waterscout SMEC 300 Soil Moisture sensor probes 
(www.specmeters.com). Greenhouse measurements were recorded by Argus Controls 
Software (Firmware version 14.04, Build 00070d). Soil temperature was predicted using air 
temperature as described below. 
 
Estimation of total C emission from each mesocosm 
To test for differences among genotypes in total C emission, we required a measure 
of total C emission that is comparable from mesocosm to mesocosm.  To obtain such a 
measure, we first computed semiparametric estimates of mesocosm-specific CO2 emission 
curves as follows. 
Let yijt be the observation of CO2 emission for genotype i (i = 1,...,19, where i=19 
represents the blank control) and run j (j = 1,2) at time t in a set of measurement times Tij.  
Each set Tij consists of 50 distinct time points for mesocosms in run 1 and 56 distinct time 
points for mesocosms in run 2.  In both runs, measurements were taken every two hours for 
the first two days and no more than once a day thereafter. For all i, j, and t, we assume 
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log(yijt) is normally distributed with a mesocosm-specific variance and a mean parameter µijt 
that depends on both the mesocosm and the time.  We model µijt semiparametrically as 
  
                                                     µijt = αij + βijStempijt + fij(t),                                         (1) 
 
where αij is an intercept parameter, βij is a slope coefficient, Stempijt is the soil temperature 
at time t, and fij is a smooth function of time.  To estimate αij, βij, and fij in (1), we used the 
gam function of the mgcv package in the R statistical computing environment (Wood 2011; 
R Core Team, 2014). The smooth function fij was approximated by a linear combination of 
up to k=18 cubic regression spline basis functions, with complexity of the estimate 
controlled by generalized cross validation (Wood, 2006). 
Estimates of αij, βij, and fij in (1), allow us to estimate CO2 emission as a function of 
soil temperature and time. Soil temperature was directly measured only at time points in Tij.  
However, greenhouse air temperature, which was measured every 15 minutes from day 0 
to 55, can be used to predict soil temperature every 15 minutes according to the following 
model. 
For genotype i (i = 1,...,19), run j (j = 1,2), and time t, suppose Stempijt is normally 
distributed with a mesocosm-specific variance and a mean parameter Ψijt that depends on 
both the mesocosm and the time.  We model Ψijt semiparametrically as 
  
                                   Ψijt = φij + βsij sin(2πt) + βcij cos(2πt)+ gij(t) + hij(Atempj,t-t0),       (2) 
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where φij is an intercept parameter, βsij and βcij is are slope coefficients on sine and cosine 
terms that allow for circadian periodicity in soil temperature, gij is a smooth function of 
time, and hij is a smooth function of greenhouse air temperature in run j at time t-t0 
(Atempj,t-t0).  The time offset t0 was chosen to be 0.04 days (i.e., approximately 1 hour) to 
account for the fact that soil temperature changes more slowly than air temperature.  
Estimation of the parameters and smooth functions in (2) was again accomplished using the 
gam function of the mgcv package in R. As before, the smooth functions were 
approximated by linear combinations of cubic regression spline basis functions, with 
complexity of the estimate controlled by generalized cross validation (GCV). 
Given estimates of the parameters and functions in (2) and greenhouse air 
temperatures recorded every 15 minutes, we predicted the soil temperature every 15 
minutes in every mesocosm in both runs.  Those soil temperature estimates were then 
combined with the estimates of the parameters and smooth functions in (1) to estimate µijt 
for all i=1,...,19, j=1,2, and t every 15 minutes from the start of each run to the end of day 
55. The antilog of these estimates (with linear interpolation between successive time 
points) provides an estimated CO2 emission curve for every mesocosm. 
The area under each CO2 emission curve (AUC) was computed and converted into a 
measure of total C emission according to the equation      
 
                                                 Cij = AUCij x 602 x 24 x 12 x 10-6,                                    (3) 
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which converts the AUC units of days x µmol/m2/second to the Cij units of grams of C per 
m2.  Although it makes no difference for the linear model analyses reported in previous 
sections (due to the inclusion of run effects in the linear model), the total C emission values 
reported in Table 1 were obtained by subtracting off the total C emission of the blank 
control within a given run (i.e., the reported values are Cij – C19j for all i=1,...,18 and j=1,2).       
Likely due to the presence of a priming effect, some genotypes display greater 
estimated C emission from soil than total stover C content (Table 1). Priming effect 
describes the phenomenon wherein the soil microbial community differentially decomposes 
native soil C in response to the addition of organic matter to the soil. While there are 
numerous types of priming effects described in the literature, the addition of C-rich organic 
matter to soils has been observed to enhance decomposition of native soil C (Kuzyakov et 
al., 2010).  
 
Additional notes on model selection 
When fitting models (1) and (2) to data from the 38 mesocosms, the choice of the 
maximum number of basis functions (k) was guided by use of the gam.check function in the 
mgcv R package. The gam.check function provides diagnostic results that can indicate if a 
selected value of k is inadequate.  The default for the gam function (k = 10) appeared to be 
adequate for model (2) but insufficient for model (1), as indicated by gam.check k-indices 
less than 1, small p-values for tests of k adequacy, and effective degrees of freedom near 
the choice of k.  The final choice of k = 18 for fitting model (1) eliminated these signs of k 
inadequacy.  Furthermore, we repeated our analyses with k ranging from 11 to 20 for model 
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(1) estimation and found that the overall test of genotype effects was less than 0.05 for all 
these choices of k.  The result of all pairwise comparisons among genotypes was likewise 
insensitive to the choice of k (data not shown). 
We considered including soil moisture in model (1) but found that in this experiment 
(where soil moisture was partially controlled) soil moisture was not significantly associated 
with CO2 emission after accounting for the effects of soil temperature and time.  This was 
the case whether soil moisture was assumed to be linearly related to the mean log CO2 
emission or allowed to have a nonlinear effect on the mean log CO2 emission by the 
introduction of a smooth function of soil moisture.   
Pilot data where soil temperature and air temperature were both measured in the 
greenhouse every 15 minutes were used as a guide when choosing the offset t0 in model 
(2).  The pilot data suggested that soil temperature profiles over time tended to follow a 
pattern over time similar to greenhouse air temperatures except for a delay in daily 
increases in temperature associated with sunlight and a delay in decreases in temperature 
due to nightfall. Other offset values were considered, but the one-hour offset provided the 
best fit to the data for runs 1 and 2. 
 
Testing genotype contribution to C emission in NAM founders 
The significance of genotype to determining variation in C emission in the NAM 
founders and the amount of variation in C emission explained by genotype was determined 
by modeling C emission as a linear function of genotype and run using R’s lm function.  
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Collection of soil and stover from NAM RILs and sorghum 
Senesced stover was collected from the lower 13 cm of stalk (once again, minus 
leaves and brace roots) of individual plants grown in Urbana, IL in 2007 (Year-1) from May 
18th to October 12th. In total, stover from 4,963 of the 5,000 RILs were harvested. Stover 
was air dried and processed in exactly the same way as described above for the NAM 
founders. A 518 genotype subset of RILs was grown again in 2015 (Year-2) at Kelly farm in 
Ames, IA. Two blocks of the RIL subset were grown with separate randomization of 
genotypes, row spacing, and – partially – planting date. Block-I was planted on June 4th. 
Block-II had two planting dates: June 4th and June 19th. Genotypes were planted according 
to their flowering time (early flowering planted on June 4th and late flowering on June 19th). 
Stover from both blocks was harvested mid-October.  
Sorghum biomass was harvested in early November 2014 from a panel of 282 
photoperiod-sensitive and 322 photoperiod-insensitive lines from the US sorghum 
association panel (Casa et al., 2008) grown at the Agricultural Engineering and Agronomy 
Research Farm in Ames, IA. Total biomass was harvested and pooled from 30 plants per 
row. Biomass was then air-dried and finely ground with a coffee grinder. 
Clarion Loam (bulk density = 1.29 g/cm3) for the microcosms was once again 
collected from Curtiss Field in Ames, IA in 2014. All soil was collected within a 10 m area to 
increase homogeneity of the soil samples. The soil was then air-dried, homogenized, and 
strained to remove any remaining clumps.  
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Measuring NAM RIL and sorghum C emission 
For the NAM RILs and sorghum, mesocosms were scaled down to microcosms made 
from 500mL Wheaton serum vials (www.wheaton.com) containing 10 g of soil and 160 mg 
of dried, processed stover. Microcosms were prepped by combining dry stover and dry soil 
and activated immediately with water to 60% water-holding capacity (WHC). Microcosms 
were then sealed with 30 mm rubber stoppers (Wheaton) and placed in stacked cardboard 
containers in a dark growth chamber set to 23°C. Depending on the experiment, one or two 
fans were installed in the growth chamber and constantly run on L-M power to aid with air 
flow and reduce/eliminate temperature gradients across the length of the growth chamber. 
Every 48 or 72 hours, microcosms were removed from the growth chamber for phenotyping 
of C emission. The amount of C released within a given incubation period was calculated by 
measuring the amount of CO2 in a 1 mL sample of air from each microcosm. The air sample 
was taken by syringe (3 cc Luer-Lok PrecisionGlide syringe with detachable needle, Fisher 
Scientific, www.fishersci.com) while the microcosms were still sealed and injected into a 
system of tubes that feeds into an LI-7000 infra-red H2O/CO2 gas analyzer (Li-Cor). 
This system works off a constant stream of air regulated at 5 psi by a carbon dioxide 
regulator (VWR, us.vwr.com). CO2 and H2O are scrubbed from the air when it is passed 
through a Laboratory Gas Drying Unit (with hose barbs, Drierite, www.drierite.com) filled 
with indicating soda lime (Fisher Scientific) and anhydrous magnesium perchlorate (VWR). 
These two chemicals are separated by an inch of glass wool to prevent chemical 
interactions. The air is then split at a junction that feeds into the LI-7000’s reference cell and 
sample cell, separately. The path to the sample cell starts with a site for injection sealed 
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with a 3/8 inch rubber septum (Agilent, www.agilent.com) and then proceeds to a smaller 
scrubber tube (included with the LI-7000 purchase) filled with anhydrous magnesium 
perchlorate (VWR). Both sample and reference paths feed into 1 µM Gelman filters 
(included with the LI-7000 purchase) and 0.06-0.5 LPM flowmeters (Dwyer, www.dwyer-
inst.com) that reduce air pressure to 0.3-0.4 L min-1 before entering the LI-7000 cells. All 
parts of the system were connected via 1/4 inch OD vacuum tubing (Fisher Scientific) or 
Bev-a-line tubing (included with purchase of LI-7000). Brass and nylon tube fittings were 
purchased from Swagelok (www.swagelok.com). 
LI7000 software (version 2.0.3) was used to calculate integrals, with software 
parameters set to the following values: Reference cell mmol mol-1 H2O and µmol mol-1 CO2 
were both set to zero. Integration was set to start automatically at 1 µm m-1 CO2 and was 
manually stopped when this fell below 0.20 µm m-1 CO2. The resulting integral for each 
sample was then converted to mg C using a standard curve for CO2 (standard gas used was 
1,000 ppm CO2 from Grainger, www.grainger.com) and the Ideal Gas Law. This amount was 
then multiplied by the total bottle volume (545 mL) to get the raw measured C emitted for 
that incubation period. After sampling, bottles were left unsealed for ~2 hours +- 0.5 hours 
to allow the air in the bottles to equilibrate before being sealed again. All samples were 
traced in this manner over the course of 13 days (five 48 hour incubations and one 72 hour 
incubation). At the end of the 13 days, bottles were emptied and cleaned to be reused for 
the next set of samples.  
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Randomization of NAM RIL and sorghum genotypes and experimental design of 
phenotyping 
For the Year-1 samples, 4,963 genotypes were phenotyped over 5 runs carried out 
over 2 months. Each run was typically made up of 4 blocks of 280 genotypes that were 
phenotyped by a single person using a single LI-7000 machine. Genotypes were split such 
that an approximately equal number of random genotypes from each subpopulation were 
included in each block. Within blocks, genotypes were simply randomized. For the Year-2 
samples, randomization was handled similarly to the Year-1 samples with the exception that 
samples of the same genotype from each field block were included in the same 
experimental block. There were 8 blocks with approximately 129 genotypes per block. 
Sorghum genotypes were randomly assigned to one of four blocks with approximately equal 
numbers of photoperiod-sensitive and photoperiod-insensitive lines per block. The first and 
last block were smaller and contained 32 and 15 sorghum genotypes, respectively. The 
other two blocks contained 278 or 279 sorghum genotypes. 
 
Data corrections for C emission of NAM RIL samples 
Raw cumulative C emission across 13 days was calculated for all genotypes by 
summing the raw measured C emitted within all incubations (calculated above). Raw 
measured C emission rate was calculated for each incubation by dividing the raw 
cumulative C emission for that incubation by the total length in hours of that incubation. 
The amount of C lost during unsealing was calculated as the half-step in raw measured C 
emission rate between two consecutive incubations multiplied by the amount of time each 
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sample was left unsealed between incubations. This raw “unmeasured” C emitted was then 
added to the raw cumulative C emission. 
Because microcosms could not all be simultaneously measured in each run, the total 
amount of time each sample was incubated throughout 13 days varied slightly across 
samples. To correct for this, the minimum total time any sample was incubated was 
identified for each dataset (306 hours for Year-1 NAM RILs, and 304 hours for Year-2 NAMR 
RILs, and 308 hours for sorghum). The difference between this amount of time and the total 
incubation time for all other samples was calculated. These differences were then 
multiplied by the day 13 raw measured C emission rates for each sample and the resulting 
amounts in mg C were then subtracted from the raw cumulative C emission. 
Raw cumulative C emission was further processed to remove variation caused by 
experimental variables. For the Year-1 data, R’s lm function was used to model raw 
cumulative C emission as the linear response of the variables block, horizontal and vertical 
position in the growth chamber and their interaction, and the interaction between fan 
status and horizontal position in the growth chamber. To put the resulting residuals back 
into the scale of the original data, a value was calculated for constant conditions and added 
to all the residuals. The constant conditions chosen were: growth chamber 1, horizontal 
position 1, vertical position top, horizontal position 1*vertical position top, and horizontal 
position 1*fan yes. The value for constant conditions was calculated by summing the model 
coefficients for these conditions and adding the model intercept. For the Year-2 NAM RIL 
and sorghum samples, only block effect was corrected out (other experimental variables 
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were non-significant). The coefficient for block 6 and block 2 were used in calculating the 
values for constant conditions, respectively. 
Raw measured and unmeasured C emission rate were corrected similarly to 
cumulative C emission. The same variables as cumulative C emission were used for linear 
modeling, and the same conditions were also used to correct for constant conditions. 
 
Measuring %lignin, %C, and %N 
Percent lignin was determined using an adapted version of the classic Klason lignin 
isolation method. For a set of 32 samples, 300 mg of stover was incubated in 5 mL of 72% 
sulfuric acid (Sigma Aldrich, www.sigmaaldrich.com) for 2 hours. Acid hydrolysis reactions 
were carried out in 100 mL Wheaton bottles (Wheaton). Bottles were placed in a water 
bath in a shaker-incubator heated so the waterbath maintained a temperature of 
approximately 30°C. Bottles were shaken at 150 rpm. After incubation, 90 mL of deionized 
(DI) water was added to each bottle and all bottles were then autoclaved at 121°C for 30 
minutes. After autoclaving, samples were filtered through 25 mL, 15 µm porous ceramic 
crucibles (VWR) and washed with 40 mL of DI water. A large filtering apparatus was 
constructed from thirty-two 500 mL Pyrex Vista filtering flasks (Fisher Scientific), size 4 
Neoprene filter adapters (Bal Supply LLC), and 1/4 inch OD vacuum tubing (Fisher Scientific), 
which allowed simultaneous filtering of all 32 samples. A single vacuum valve was utilized 
for the entire apparatus. Samples were then dried overnight at 105°C and weighed. After 2 
hours in a Thermo Scientific Thermolyne Benchtop Muffle Furnace (Fisher) at 575°C, 
samples were weighed again and this weight was subtracted from the first weight to get the 
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amount of Klason lignin. The %lignin was calculated by dividing the weight of Klason lignin 
by the original dry weight of the sample and multiplying by 100. This process was repeated 
over 34 runs. 
For all runs, stover from two control genotypes, B73 and Mo17, was included. 
Percent lignin was corrected for day effect using R’s lm function: raw %lignin was linearly 
modeled as the %lignin of B73 and Mo17 for each run. For constant conditions, residuals for 
each sample were added to the model intercept, the average B73 %lignin multiplied by the 
model coefficient for B73, and the average Mo17 %lignin multiplied by the model 
coefficient for Mo17. 
Initial %C and %N of stover was determined by Duke University’s Environmental 
Stable Isotope Laboratory using a CE instruments NC2100 CN Analyzer (CE Elantech, 
www.ceelantech.com). The C:N, lignin:N, and lignin:C ratios were calculated as the ratios of 
%C, %N, and %lignin. 
 
Calculation of BLUPs 
BLUPs for cumulative C emission in maize were calculated using R package lme4’s 
lmer function. Phenotypes from the 4,693 NAM RILs over both years were used. Corrected 
cumulative C emission was modeled as a function of genotype and field, which were both 
set as random effects. BLUPs for each genotype were extracted as the conditional modes 
for each genotype. The same process was followed to calculate BLUPs for %lignin, %C, %N, 
C:N ratio, lignin:N ratio, and lignin:C ratio with the exception that only data from Year-2 was 
154 
 
available for these calculations. NAM RIL agronomic trait data was downloaded from Panzea 
(www.panzea.org/phenotypes) and BLUPs were calculated accordingly. 
 
Calculation of %C remaining & decay model fitting 
The amount of measured and unmeasured C emitted within each incubation was 
estimated by multiplying the corrected measured and unmeasured C emission rates by the 
length of the incubation and the unsealed period, respectively. The measured and 
unmeasured C emitted were then added together to get a total amount of C emitted within 
each incubation.  
The cumulative sum of C emitted over the six incubations was calculated as follows: 
 
yt = ∑tk = 1xk, for t = 1, 2, 3, 4, 5, 6  (4) 
 
Where x is the total C emitted within an incubation and yi is the C emitted over incubations 
k through t (where t = 1 is the first incubation and t = 6 is the final incubation).  
 
%C  remaining after each incubation was then calculated as: 
 
yc = (C - yt)/C x 100, for c = 1, 2, 3, 4, 5, 6  (5) 
 
Where yc is the %C remaining after incubation c, C is the initial C of the sample in mg, and yt 
is calculated in (4). 
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R’s optim function (stats package) was used to optimize custom functions written for 
both double exponential and single exponential decay models. Below, the function used for 
the double exponential model: 
 
ŷi = (100-Cr)*e^(-kl*Dayi) + Cr*e^(-kr*Dayi) (6) 
 
Where ŷi is the predicted %C  remaining at Dayi. Cr is the slow pool constant, kl is the fast 
pool rate constant, and kr is the slow pool rate constant. From this function, optim was 
made to reduce the residual sum of squares by optimizing the values of Cr, kl, and kr. 
Optimizing the single exponential model used the same approach, but with the function: 
 
ŷi = 100*e^(-k*Dayi)  (7) 
 
Where ŷi is again the predicted %C remaining at Dayi and k is the rate constant to be 
optimized. 
 
For both decay models, the only restrictions placed on the optimized values was that 
they must be greater than 0 and Cr must be less than or equal to 100. Genotypes whose 
optimized parameters hit these restrictions were manually assigned an arbitrarily high RSS 
penalty. 
To determine which decay model best suited each genotype, the AIC was computed 
for each model for each genotype. The model that gave the lowest AIC was selected as the 
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optimal model for that genotype. Double exponential assignments were further filtered to 
remove outliers for Cr, kr, and kl. For maize, genotypes were reassigned to the single 
exponential model if 1) Cr fell in the lowest 10% of values, 2) kl fell in the highest 5-10% of 
values, 3) and/or Cr > 60 and kl > 0.25 (10, 42, and 34 genotypes for Year-1, Year-2/Block-I, 
and Year-2/Block-II, respectively). The top and bottom 2% of Cr and kl values were used as 
cut-offs for sorghum (14 genotypes) with an additional reassignment of genotypes with kr 
above 0.03 (2 genotypes). 
 
Multiple linear regression analysis 
Multiple linear regression was performed using R’s lm function. 
 
Sorghum SNP set 
Sequencing data for 291 sorghum photoperiod-sensitive lines was generated by 
Iowa State’s Genome Technologies Facility from seven Ion Proton tGBS (Ott et al., 2017) 
runs. Additional GBS sequencing data for these 291 lines plus an additional 9 lines was 
provided by Iowa State University’s Jianming Yu lab. Illumina GBS sequencing data for 238 
photoperiod-insensitive lines from the US sorghum association panel (Casa et al., 2008) was 
downloaded from www.morrislab.org (Morris et al., 2012). From the raw sequencing data, 
barcodes were sorted, scanned, and removed from reads using customs scripts. Low quality 
bases were removed and reads were aligned to the Sorghum bicolor v1.4 reference 
genome. Finally, 90,353 polymorphic sites were identified using a custom SNP discovery 
pipeline and imputation was carried out using Beagle v4.1. 
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Genome-wide association 
GWAS was performed on maize and sorghum using 2,452,207 SNPs (Kusmec et al., 
2017) and 90,353 SNPs, respectively. Of the maize and sorghum lines phenotyped, 
4,660/4,963 maize and 520/604 sorghum lines were included in the SNP sets. Phenotypes 
included the C emission BLUPs for the maize NAM RILs and corrected cumulative C emission 
for sorghum. For sorghum, PCs were included as covariates and were calculated using R’s 
prcomp function (stats package) with the optimal number of PCs (N = 10) determined using 
the approach outlined in Zhu and Yu, 2009. For maize, a subpopulation matrix was used in 
place of PCs. 
GWAS was performed using software FarmCPU (Liu et al., 2016) following the 
bootstrapping method described in Wallace et al. 2016. Briefly, for each of 100 
bootstrapped runs of FarmCPU, 10% of phenotypes in each NAM RIL subpopulation were 
set to missing. Each bootstrap run otherwise used the same values for all parameters 
(method.bin set to “static”, p.threshold set to default, bin.size set to 1x104, and 
bin.selection set to (50,75,100)). At the end of each run, significant SNPs were recorded. 
The significance threshold was a standard Bonferroni threshold. At the end of the 100 
bootstraps, the proportion of bootstraps a SNP was significant was calculated. The final 
significant SNPs were those that were found to be significant in at least 10/100 bootstraps 
for maize and 5/100 bootstraps for sorghum. 
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Candidate gene association and functional annotation 
SNP-associated candidate genes were identified as genes ± 15,000 bp from a 
significant SNP’s physical position. The selection of 15,000 bp was based on LD of r2 = 0.1 in 
maize and sorghum corresponding to 10-50 kb (Bouchet et al., 2012; Romay et al., 2013). 
Functional annotations for maize (AGPv2) and sorghum genes (v1.4) were retrieved from 
Gramene (www.gramene.org), and Ensembl Plants (www.plants.ensembl.org), respectively. 
Maize GO term assignments and definitions were downloaded from Gramene and the Gene 
Ontology Consortium (www.geneontology.org). 
 
Genomic prediction 
Genomic prediction was performed using software, GenSel, developed by Drs. 
Rohan Fernando and Dorian Garrick of Iowa State University. The cumulative C emission 
BLUPs from the 4,660 genotyped NAM RILs were used as phenotypes and the same 2.4 
million SNPs from GWAS were used as markers. Genotypes were randomly separated into 
five equal-sized, non-overlapping validation sets of 932 genotypes (20% of genotypes). Five 
matching training sets were constructed from the 3728 genotypes (80% of data) that were 
not included in each validation set. Each paired validation and training set represent a 
separate fold for cross-validation. Bayes C was used first on the training set to estimate 
genetic variance, and Bayes B was then used for training. The final correlation coefficient (R) 
was calculated as the correlation of the predicted to true values of all five folds.  
 
  
159 
 
Calculation of broad-sense heritability 
R’s lmer function (lme4 package) was used to estimate genetic variance of C 
emission and compositional traits. Genotype was included as a random effect while field 
was set as a fixed effect. Total phenotypic variance was simply calculated as the variance of 
the trait. H2 was estimated as the genetic variance divided by the total variance. 
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Figures 
 
 
 
Figure 1. Example carbon emission trend from NAM founder pilot. Shown are the highest 
emitting genotype, CML247, the lowest emitting genotype, Oh7B, and the blank. Insets 
show C emission trends between 10 and 20 days and 40 and 50 days. 
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Figure 2. Comparisons of mesocosm size and tracking time. A) Comparison of cumulative C 
emission from microcosms and mesocosms after 13 days for the same 18 maize genotypes. 
R = 0.91, p-value < 0.01. B) Comparison of cumulative C emission from microcosms after 13 
days to cumulative C emission from microcosms after 43 days for the same 18 samples 
(genotypes). R = 0.99, p-value < 0.01. 
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Figure 3. Table of correlations for compositional traits and C emission-related traits. A) 
Table for maize Year-2/Block-I. From left to right, N = 511, 232, 279, 232, 232, 232, and 27. 
B) Table for maize Year-2/Block-II. From left to right, N = 510, 332, 178, 332, 332, 332, 178. 
Text in cells gives R value for a given comparison with colors and shapes indicating the 
direction and strength of the correlation. Blank cells with only R values are not statistically 
significant correlations based on a p-value cut-off of 0.05. Cells with R = 1 are traits 
compared with themselves. 
 
 
 
Figure 4. Differences in C emission rate patterns between genotypes assigned to double 
exponential model and genotypes assigned to single exponential model. All 511 Year-
2/Block-I samples are shown to illustrate these differences. x-axis has ticks labeled on 
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measurement days. y-axis is the C emission rate in mg/hour. Each line is a single genotype, 
which is colored based on its assigned model.  
 
 
 
 
Figure 5. Notable compositional and physiological differences between double exponential 
and single exponential genotypes. A) Difference in distribution and mean values for 
cumulative C emission. B) Difference in distribution and mean values for %lignin. A) 
Difference in distribution and mean values for days to tassel. The difference in means 
observed in all three plots is statistically significant based on a one-sided Student’s t-test at 
a p-value threshold of 0.01. For all plots, double exponential N = 564 and single exponential 
N = 457. 
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Figure 6. GWAS results for maize and sorghum C emission. A) Maize GWAS results. B) 
Sorghum GWAS results. x-axis is the physical location of a SNP. y-axis is the proportion of 
bootstraps out of 100 total bootstraps a SNP was selected as significant by FarmCPU. The 
red-dotted lines indicate a significance threshold of 10/100 bootstraps (0.1) for maize and 
5/100 bootstraps (0.05) for sorghum. 
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Tables 
Table 1. Estimated total carbon emission and lignin values of 18 maize genotypes averaged 
across two separate experimental runs. 
Genotype 
S (µmol/ 
mg dry 
weight) 
G (µmol/ 
mg dry 
weight) 
S/G 
ratio 
S + G 
(µmol/mg 
dry weight) 
Klason lignin 
(g/g dry 
weight) 
Carbon 
Content 
(g/m2)* 
Estimated Total 
Carbon 
Emission (g/m2)  
CML247 551 ± 84 379 ± 27 1.45 930 ± 111 0.206 ± 0.006 426 ± 4 602 ± 10 
CML69 332 ± 45 354 ± 63 0.94 685 ± 107 0.173 ± 0.002 414 ± 0 598 ± 28 
CML52 523 ± 15 385 ± 13 1.36 907 ± 2 0.195 ± 0.000 428 ± 1 597 ± 5 
M37W 717 ± 114 377 ± 4 1.90 1093 ± 117 0.198 ± 0.003 423 ± 3 573 ± 4 
bm4 577 ± 75 284 ± 48 2.03 861 ± 123 0.203 ± 0.001 431 ± 0 559 ± 20 
B97 558 ± 95 405 ± 67 1.38 963 ± 162 0.179 ± 0.004 419 ± 7 529 ± 53 
Ky21 545 ± 54 360 ± 54 1.51 905 ± 108 0.182 ± 0.001 416 ± 1 513 ± 19 
M162W 448 ± 26 250 ± 24 1.79 698 ± 50 0.181 ± 0.012 424 ± 2 510 ± 10 
CML228 484 ± 88 371 ± 29 1.31 855 ± 117 0.187 ± 0.009 422 ± 2 504 ± 19 
Oh43 461 ± 15 293 ± 57 1.57 753 ± 71 0.172 ± 0.009 411 ± 4 503 ± 29 
bm1 269 ± 70 225 ± 59 1.20 494 ± 129 0.191 ± 0.003 429 ± 0 495 ± 43 
Mo17 659 ± 109 293 ± 67 2.25 952 ± 176 0.208 ± 0.016 429 ± 6 493 ± 4 
NC358 447 ± 50 452 ± 51 0.99 898 ± 100 0.218 ± 0.001 426 ± 2 479 ± 10 
bm3 398 ± 9 579 ± 56 0.69 976 ± 64 0.216 ± 0.010 435 ± 1 475 ± 12 
B73 714 ± 17 424 ± 25 1.68 1138 ± 42 0.222 ± 0.006 434 ± 4 468 ± 63 
CML322 587 ± 47 407 ± 32 1.44 994 ± 79 0.215 ± 0.010 427 ± 9 459 ± 20 
NC350 658 ± 16 488 ± 1 1.35 1146 ± 17 0.204 ± 0.001 423 ± 5 455 ± 12 
Oh7B 585 ± 68 471 ± 45 1.24 1056 ± 113 0.200 ± 0.007 428 ± 4 435 ± 29 
 
Table 2. Summary statistics for C emission and biochemical traits across environments. 
 Maize Year-1 Maize Year-2/Block-I Maize Year-2/Block-II Sorghum 
 
C 
Emission 
(mg) 
%N %C 
C 
Emission 
(mg) 
% 
Lignin 
%N %C 
C 
Emission 
(mg) 
% 
Lignin 
%N %C 
C 
Emission 
(mg) 
%N %C 
Mean 19.80 1.07 43.25 18.52 21.10 1.17 43.40 20.91 20.70 1.15 43.60 29.06 1.22 41.59 
Medi
an 
19.79 1.02 43.45 18.00 21.30 1.13 43.50 20.32 21.00 1.12 43.60 28.45 1.23 41.47 
St. 
Dev 
2.52 0.28 2.10 3.88 2.09 0.37 1.70 4.41 2.58 0.37 1.55 3.68 0.21 1.09 
Min 11.12 0.42 37.19 8.32 10.70 0.31 36.90 9.69 10.60 0.34 37.50 20.46 0.84 39.40 
Max 30.12 2.07 50.58 32.15 25.80 2.57 47.80 31.71 26.60 2.72 49.40 39.54 1.66 44.05 
N 4963 200 200 511 507 511 510 510 510 509 510 604 60 60 
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Table 3. Correlation of C emission BLUPs with biochemical trait BLUPs. * significant at p-
value < 0.05. ** significant at p-value < 0.01. N = 495. 
Trait R 
%N BLUP 0.11* 
%C BLUP -0.03 
C:N BLUP -0.16** 
% Lignin BLUP -0.38** 
Lignin:N BLUP -0.23** 
Lignin:C BLUP -0.45** 
 
Table 4. Correlation of traits across Year-2 blocks and heritability of said traits. ** significant 
at p-value < 0.01. 
Trait R H2 
Cumulative C 
Emission (mg) 
0.53** 0.48 
%N 0.63** 0.66 
%C 0.28** 0.30 
C:N 0.70** 0.70 
%Lignin 0.62** 0.60 
Lignin:N 0.68** 0.67 
Lignin:C 0.51** 0.52 
 N = 495 N = 1021 
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Table 5. Significant GWAS SNPs for maize and sorghum C emission. 
SNP Chromosome Position (bp) 
Proportion of runs 
significant 
Species 
1_18678228 1 18,678,228 0.13 Maize 
1_18678806 1 18,678,806 0.32 Maize 
1_19105626 1 19,105,626 0.23 Maize 
1_19473935 1 19,473,935 0.2 Maize 
1_46419019 1 46,419,019 0.1 Maize 
1_46543033 1 46,543,033 0.11 Maize 
1_82162376 1 82,162,376 0.11 Maize 
1_116128227 1 116,128,227 0.29 Maize 
1_116222580 1 116,222,580 0.2 Maize 
1_149701230 1 149,701,230 0.18 Maize 
1_276163127 1 276,163,127 0.17 Maize 
1_277779088 1 277,779,088 0.14 Maize 
1_277851023 1 277,851,023 0.1 Maize 
1_278692136 1 278,692,136 0.14 Maize 
1_282262852 1 282,262,852 0.2 Maize 
2_2057004 2 2,057,004 0.1 Maize 
2_14224026 2 14,224,026 0.13 Maize 
2_15652948 2 15,652,948 0.11 Maize 
2_15898170 2 15,898,170 0.16 Maize 
2_16094863 2 16,094,863 0.18 Maize 
2_23000302 2 23,000,302 0.13 Maize 
2_23467909 2 23,467,909 0.12 Maize 
2_24564454 2 24,564,454 0.15 Maize 
2_188433040 2 188,433,040 0.56 Maize 
2_234051376 2 234,051,376 0.1 Maize 
3_3187199 3 3,187,199 0.15 Maize 
3_3422882 3 3,422,882 0.24 Maize 
3_3501861 3 3,501,861 0.13 Maize 
3_3966987 3 3,966,987 0.11 Maize 
3_4188962 3 4,188,962 0.4 Maize 
3_5870850 3 5,870,850 0.12 Maize 
3_12530220 3 12,530,220 0.14 Maize 
3_13276956 3 13,276,956 0.16 Maize 
3_19925339 3 19,925,339 0.13 Maize 
3_20377971 3 20,377,971 0.13 Maize 
3_21395988 3 21,395,988 0.12 Maize 
3_21681254 3 21,681,254 0.19 Maize 
3_171616193 3 171,616,193 0.1 Maize 
3_175758110 3 175,758,110 0.15 Maize 
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Table 5 (Continued) 
 
SNP Chromosome Position (bp) 
Proportion of runs 
significant 
Species 
3_210226684 3 210,226,684 0.11 Maize 
3_216880354 3 216,880,354 0.22 Maize 
3_217159779 3 217,159,779 0.12 Maize 
3_219395012 3 219,395,012 0.16 Maize 
3_219412256 3 219,412,256 0.19 Maize 
3_223568524 3 223,568,524 0.35 Maize 
4_13058378 4 13,058,378 0.26 Maize 
4_13171215 4 13,171,215 0.1 Maize 
4_13689568 4 13,689,568 0.32 Maize 
4_13901585 4 13,901,585 0.11 Maize 
4_14727987 4 14,727,987 0.12 Maize 
4_14769525 4 14,769,525 0.11 Maize 
4_14779225 4 14,779,225 0.11 Maize 
4_15054526 4 15,054,526 0.13 Maize 
4_15120635 4 15,120,635 0.19 Maize 
4_18022876 4 18,022,876 0.16 Maize 
4_180551354 4 180,551,354 0.46 Maize 
5_13185619 5 13,185,619 0.24 Maize 
5_13602359 5 13,602,359 0.12 Maize 
5_14752612 5 14,752,612 0.1 Maize 
5_163742507 5 163,742,507 0.1 Maize 
5_163942886 5 163,942,886 0.15 Maize 
5_176008854 5 176,008,854 0.4 Maize 
5_201760090 5 201,760,090 0.1 Maize 
5_208072011 5 208,072,011 0.1 Maize 
5_211181286 5 211,181,286 0.1 Maize 
6_50277686 6 50,277,686 0.36 Maize 
6_62451341 6 62,451,341 0.22 Maize 
6_62552803 6 62,552,803 0.11 Maize 
6_89238723 6 89,238,723 0.17 Maize 
6_109757747 6 109,757,747 0.12 Maize 
6_134601346 6 134,601,346 0.12 Maize 
6_135413930 6 135,413,930 0.18 Maize 
6_137303077 6 137,303,077 0.32 Maize 
6_166076920 6 166,076,920 0.1 Maize 
6_166871527 6 166,871,527 0.16 Maize 
6_167409596 6 167,409,596 0.14 Maize 
7_3073179 7 3,073,179 0.17 Maize 
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SNP Chromosome Position (bp) 
Proportion of runs 
significant 
Species 
7_5562172 7 5,562,172 0.19 Maize 
7_5612921 7 5,612,921 0.13 Maize 
7_5721742 7 5,721,742 0.3 Maize 
7_6493410 7 6,493,410 0.11 Maize 
7_84215661 7 84,215,661 0.2 Maize 
7_84352428 7 84,352,428 0.16 Maize 
7_156851756 7 156,851,756 0.12 Maize 
7_158421911 7 158,421,911 0.14 Maize 
7_164784147 7 164,784,147 0.1 Maize 
7_164997506 7 164,997,506 0.24 Maize 
7_165567539 7 165,567,539 0.25 Maize 
8_23117011 8 23,117,011 0.2 Maize 
8_33718152 8 33,718,152 0.18 Maize 
8_84708251 8 84,708,251 0.38 Maize 
8_117848722 8 117,848,722 0.16 Maize 
8_129319535 8 129,319,535 0.12 Maize 
8_173806915 8 173,806,915 0.26 Maize 
8_174271782 8 174,271,782 0.18 Maize 
9_23871111 9 23,871,111 0.1 Maize 
9_129269071 9 129,269,071 0.1 Maize 
10_3131997 10 3,131,997 0.15 Maize 
10_16343079 10 16,343,079 0.47 Maize 
10_63497324 10 63,497,324 0.15 Maize 
10_63593555 10 63,593,555 0.22 Maize 
10_64406432 10 64,406,432 0.1 Maize 
10_80044584 10 80,044,584 0.4 Maize 
10_142510987 10 142,510,987 0.1 Maize 
2_77344325 2 77344325 0.06 Sorghum 
3_73418591 3 73418591 0.07 Sorghum 
4_60750755 4 60750755 0.06 Sorghum 
7_58540644 7 58540644 0.12 Sorghum 
9_57231987 9 57231987 0.05 Sorghum 
9_57383557 9 57383557 0.4 Sorghum 
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Table 6. Candidate genes associated with significant GWAS hits for maize and sorghum C 
emission 
Gene ID Chr Start (bp) End (bp) Associated SNP 
Selected Protein 
Domain Descriptions 
Selected GO 
Terms 
GRMZM2G006626 1 19,097,736 19,099,499 1_19105626 NA NA 
GRMZM2G006631 1 19,099,991 19,102,005 1_19105626 
Myc-type, basic helix-loop-
helix (bHLH) domain 
GO:0046983: protein 
dimerization activity 
GRMZM2G006676 1 19,104,049 19,104,908 1_19105626 NA NA 
AC177946.2_FG004 1 19,104,324 19,104,800 1_19105626 NA NA 
GRMZM2G420357 1 19,475,469 19,476,633 1_19473935 VQ NA 
GRMZM2G066274 1 46,405,877 46,408,841 1_46419019 
Serine-threonine/tyrosine-
protein kinase catalytic 
domain 
GO:0006468: protein 
phosphorylation 
GRMZM5G814718 1 46,411,401 46,414,414 1_46419019 Multicopper oxidase 
GO:0005507: copper 
ion 
binding/GO:0016491: 
oxidoreductase activity 
GRMZM2G365240 1 46,418,035 46,418,601 1_46419019 
Protein of unknown function 
DUF4228 
NA 
GRMZM2G104373 1 46,542,947 46,546,531 1_46543033 ATPase, AAA-type 
GO:0048829: root cap 
development 
GRMZM2G104464 1 46,549,933 46,555,517 1_46543033 Sel1-like repeat NA 
GRMZM2G132690 1 82,153,766 82,155,014 1_82162376 
Heavy metal-associated 
domain 
GO:0030001: metal ion 
transport/GO:0046872
: metal ion binding 
GRMZM2G081977 1 149,708,692 149,715,244 1_149701230 Pleckstrin-like, plant 
GO:0010087: phloem 
or xylem 
histogenesis/GO:00103
05: leaf vascular tissue 
pattern formation 
GRMZM2G011367 1 276,161,810 276,163,866 1_276163127 NA NA 
GRMZM2G123700 1 277,836,300 277,837,919 1_277851023 NA NA 
GRMZM2G123714 1 277,843,773 277,846,597 1_277851023 X8 domain NA 
GRMZM2G123732 1 277,849,189 277,852,744 1_277851023 
Uncharacterised protein 
family 
GO:0002237: response 
to molecule of 
bacterial 
origin/GO:0010015: 
root morphogenesis 
GRMZM2G040247 2 2,040,400 2,047,121 2_2057004 
WD40-repeat-containing 
domain 
GO:0009630: 
gravitropism/GO:0016
192: vesicle-mediated 
transport 
GRMZM2G040300 2 2,047,920 2,051,557 2_2057004 HAD-superfamily hydrolase 
GO:0009507: 
chloroplast/GO:001678
7: hydrolase activity 
GRMZM2G040513 2 2,051,180 2,054,192 2_2057004 
Thioredoxin-like 
fold|Tetratricopeptide-like 
helical|Tetratricopeptide 
repeat-containing 
domain|Tetratricopeptide 
repeat 
GO:0005515: protein 
binding 
GRMZM2G343317 2 2,060,053 2,060,949 2_2057004 NA NA 
GRMZM2G040627 2 2,069,641 2,079,602 2_2057004 Uracil-DNA glycosylase 
GO:0016799: 
hydrolase activity, 
hydrolyzing N-glycosyl 
compounds 
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Gene ID Chr Start (bp) End (bp) Associated SNP 
Selected Protein 
Domain Descriptions 
Selected GO 
Terms 
GRMZM2G322817 2 14,222,092 14,223,009 2_14224026 
Protein of unknown function 
DUF581 
NA 
GRMZM2G024517 2 14,229,619 14,230,379 2_14224026 
Protein of unknown function 
DUF581 
NA 
GRMZM2G164378 2 15,881,088 15,883,447 2_15898170 
Protein of unknown function 
DUF2358 
NA 
GRMZM2G164405 2 15,889,503 15,893,155 2_15898170 
Pyridoxal phosphate-
dependent transferase 
GO:0009611: response 
to 
wounding/GO:0030170
: pyridoxal phosphate 
binding 
GRMZM2G164413 2 15,895,715 15,898,391 2_15898170 
Uncharacterised protein 
family UPF0136 
GO:0016020: 
membrane/GO:001630
1: kinase activity 
GRMZM2G164428 2 15,908,515 15,909,994 2_15898170 
Ovate  protein family, C-
terminal 
NA 
GRMZM2G556131 2 16,107,968 16,123,097 2_16094863 Dihydrodipicolinate synthase 
GO:0008840: 4-
hydroxy-
tetrahydrodipicolinate 
synthase/GO:0009089: 
lysine biosynthetic 
process via 
diaminopimelate 
GRMZM2G122937 2 22,990,515 22,995,670 2_23000302 Remorin, C-terminal 
GO:0005773: 
vacuole/GO:0005886: 
plasma membrane 
GRMZM2G123202 2 22,997,838 22,999,590 2_23000302 SANT/Myb domain 
GO:0003677: DNA 
binding/GO:0003682: 
chromatin binding 
GRMZM2G177923 2 23,469,563 23,473,424 2_23467909 
Glycoside hydrolase family 3 
C-terminal domain 
GO:0004553: 
hydrolase activity, 
hydrolyzing O-glycosyl 
compounds/GO:00059
75: carbohydrate 
metabolic process 
GRMZM2G177937 2 23,473,629 23,477,257 2_23467909 Thioredoxin 
GO:0006109: 
regulation of 
carbohydrate 
metabolic 
process/GO:0006662: 
glycerol ether 
metabolic 
process/GO:0009055: 
electron carrier 
activity/GO:0009507: 
chloroplast/GO:004545
4: cell redox 
homeostasis 
GRMZM2G364328 2 24,557,516 24,559,785 2_24564454 Drug/metabolite transporter 
GO:0016020: 
membrane 
GRMZM5G871297 2 234,031,969 234,040,756 2_234051376 
Valyl/Leucyl/Isoleucyl-tRNA 
synthetase 
GO:0004832: valine-
tRNA ligase 
activity/GO:0006438: 
valyl-tRNA 
aminoacylation 
GRMZM2G085266 3 3,200,782 3,209,083 3_3187199 
Histone-lysine N-
methyltransferase ATX 
GO:0005515: protein 
binding/GO:0008270: 
zinc ion binding 
GRMZM2G400938 3 3,421,920 3,424,963 3_3422882 
Trichome birefringence-like 
family 
GO:0005773: vacuole 
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Gene ID Chr Start (bp) End (bp) Associated SNP 
Selected Protein 
Domain Descriptions 
Selected GO 
Terms 
GRMZM2G102770 3 3,428,851 3,429,252 3_3422882 NA NA 
GRMZM2G400929 3 3,430,959 3,432,894 3_3422882 Lipase, GDSL 
GO:0006629: lipid 
metabolic 
process/GO:0016788: 
hydrolase activity, 
acting on ester bonds 
GRMZM2G386608 3 3,504,535 3,508,575 3_3501861 
Ribonucleoprotein LSM 
domain 
GO:0030529: 
ribonucleoprotein 
complex 
GRMZM2G386590 3 3,515,842 3,519,074 3_3501861 Zinc finger, RING-type 
GO:0005515: protein 
binding/GO:0008270: 
zinc ion binding 
GRMZM2G352926 3 4,188,299 4,189,378 3_4188962 Retrotransposon gag protein 
GO:0003676: nucleic 
acid binding 
GRMZM2G051262 3 4,189,557 4,195,483 3_4188962 GPI mannosyltransferase 
GO:0000026: alpha-
1,2-
mannosyltransferase 
activity/GO:0016757: 
transferase activity, 
transferring glycosyl 
groups 
GRMZM2G051327 3 4,201,963 4,206,169 3_4188962 
Target SNARE coiled-coil 
domain 
GO:0005484: SNAP 
receptor 
activity/GO:0016192: 
vesicle-mediated 
transport 
GRMZM2G143723 3 5,884,250 5,887,149 3_5870850 Zinc finger, C2H2 
GO:0005622: 
intracellular/GO:00082
70: zinc ion binding 
GRMZM2G464212 3 12,514,234 12,516,697 3_12530220 
DNA-directed RNA 
polymerase III, subunit 
Rpc31 
NA 
GRMZM2G150962 3 12,528,949 12,534,163 3_12530220 
Domain of unknown 
function DUF239 
NA 
GRMZM2G150941 3 12,536,886 12,551,796 3_12530220 G-patch domain 
GO:0003676: nucleic 
acid binding 
GRMZM2G052442 3 13,210,022 13,269,056 3_13276956 NA NA 
GRMZM2G021410 3 13,270,593 13,275,130 3_13276956 Alpha/beta hydrolase fold-1 NA 
GRMZM2G021243 3 13,276,765 13,280,506 3_13276956 
GDP-fucose protein O-
fucosyltransferase 
NA 
GRMZM2G169182 3 19,924,648 19,927,549 3_19925339 Phox/Bem1p 
GO:0005515: protein 
binding 
GRMZM2G169152 3 19,939,526 19,944,327 3_19925339 
Mandelate 
racemase/muconate 
lactonizing enzyme 
GO:0003824: catalytic 
activity/GO:0008152: 
metabolic process 
GRMZM2G013884 3 20,377,265 20,378,484 3_20377971 
Wall-associated receptor 
kinase galacturonan-binding 
domain 
NA 
GRMZM2G494186 3 20,380,410 20,381,270 3_20377971 
Wall-associated receptor 
kinase galacturonan-binding 
domain 
GO:0030247: 
polysaccharide binding 
GRMZM2G013790 3 20,385,546 20,409,348 3_20377971 
Concanavalin A-like 
lectin/glucanase, 
subgroup|Wall-associated 
receptor kinase 
galacturonan-binding 
domain 
GO:0016301: kinase 
activity/GO:0030247: 
polysaccharide binding 
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Gene ID Chr Start (bp) End (bp) Associated SNP 
Selected Protein 
Domain Descriptions 
Selected GO 
Terms 
GRMZM2G086272 3 21,679,940 21,681,251 3_21681254 
Glycosyl transferase, family 
14 
GO:0008375: 
acetylglucosaminyltran
sferase activity 
GRMZM2G357667 3 210,214,487 210,220,373 3_210226684 
Cyclophilin-like peptidyl-
prolyl cis-trans isomerase 
domain 
GO:0003755: peptidyl-
prolyl cis-trans 
isomerase activity 
GRMZM2G058518 3 210,231,409 210,235,812 3_210226684 
No apical meristem (NAM) 
protein 
GO:0006355: 
regulation of 
transcription, DNA-
templated 
GRMZM2G147752 3 216,875,746 216,878,076 3_216880354 
Cytochrome P450, E-class, 
group I 
GO:0009055: electron 
carrier 
activity/GO:0055114: 
oxidation-reduction 
process 
GRMZM2G147774 3 216,881,554 216,884,556 3_216880354 
Cytochrome P450, E-class, 
group I 
GO:0009055: electron 
carrier 
activity/GO:0055114: 
oxidation-reduction 
process 
GRMZM2G061890 3 219,376,724 219,397,388 
3_219395012|3
_219412256 
RNA polymerase III Rpc82, C 
-terminal 
GO:0003899: DNA-
directed RNA 
polymerase activity 
GRMZM2G061723 3 219,398,029 219,400,881 
3_219395012|3
_219412256 
NA 
GO:0005515: protein 
binding 
GRMZM2G061695 3 219,410,617 219,414,475 3_219412256 NA NA 
GRMZM2G126603 3 219,423,876 219,426,442 3_219412256 Ribosomal protein L34 
GO:0003735: structural 
constituent of 
ribosome 
GRMZM2G480607 3 223,559,383 223,568,836 3_223568524 
Serine-threonine/tyrosine-
protein kinase catalytic 
domain 
GO:0004672: protein 
kinase activity 
GRMZM2G173805 3 223,579,902 223,583,570 3_223568524 NA NA 
GRMZM2G025154 4 13,162,787 13,166,680 4_13171215 
Peptidase S10, serine 
carboxypeptidase 
GO:0004185: serine-
type carboxypeptidase 
activity/GO:0005618: 
cell wall 
GRMZM2G447299 4 13,182,661 13,186,998 4_13171215 
Endonuclease/exonuclease/
phosphatase 
NA 
GRMZM2G001043 4 14,722,542 14,723,496 4_14727987 NA NA 
GRMZM2G001048 4 14,725,696 14,729,099 4_14727987 B3 DNA binding domain 
GO:0003677: DNA 
binding/GO:0006351: 
transcription, DNA-
templated 
GRMZM2G356545 4 15,041,123 15,044,835 4_15054526 NA NA 
GRMZM2G009387 4 18,021,983 18,023,057 4_18022876 NA NA 
GRMZM2G042582 4 180,544,938 180,547,308 4_180551354 Thioredoxin-like fold 
GO:0045454: cell redox 
homeostasis 
GRMZM5G861357 5 13,179,021 13,182,317 5_13185619 
Phenylacetic acid 
degradation-related domain 
GO:0005777: 
peroxisome/GO:00423
72: phylloquinone 
biosynthetic process 
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AC213463.3_FG002 5 13,187,274 13,193,067 5_13185619 
Transcription elognation 
factor  Eaf, N-terminal 
GO:0006355: 
regulation of 
transcription, DNA-
templated/GO:003278
3: ELL-EAF complex 
GRMZM2G461948 5 13,576,263 13,591,781 5_13602359 HECT domain 
GO:0004842: ubiquitin-
protein transferase 
activity 
GRMZM2G461936 5 13,600,503 13,607,401 5_13602359 
Argonaute/Dicer protein, 
PAZ 
GO:0003676: nucleic 
acid 
binding/GO:0005515: 
protein binding 
GRMZM2G161242 5 13,608,604 13,613,396 5_13602359 Zinc finger, CCHC-type 
GO:0000166: 
nucleotide 
binding/GO:0008270: 
zinc ion binding 
GRMZM2G161222 5 13,615,570 13,622,123 5_13602359 
Protein phosphatase 2A, 
regulatory B subunit, B56 
GO:0000159: protein 
phosphatase type 2A 
complex 
GRMZM2G553314 5 14,752,854 14,761,623 5_14752612 
Threonyl/alanyl tRNA 
synthetase 
GO:0004829: 
threonine-tRNA ligase 
activity/GO:0006435: 
threonyl-tRNA 
aminoacylation 
GRMZM2G307368 5 163,739,991 163,741,157 5_163742507 
Heat shock protein DnaJ, 
cysteine-rich domain 
GO:0031072: heat 
shock protein binding 
GRMZM2G386817 5 163,939,951 163,940,664 5_163942886 
Protein of unknown function 
DUF3339 
NA 
GRMZM2G701954 5 163,941,148 163,941,596 5_163942886 NA NA 
GRMZM2G386811 5 163,943,615 163,944,149 5_163942886 
Ribonucleoprotein LSM 
domain 
NA 
GRMZM2G049372 5 176,007,793 176,031,113 5_176008854 Sugar/inositol transporter 
GO:0005215: 
transporter activity 
GRMZM2G335978 5 208,060,698 208,065,128 5_208072011 Peptidase A1 
GO:0004190: aspartic-
type endopeptidase 
activity 
GRMZM2G036368 5 208,066,231 208,067,652 5_208072011 
Heavy metal-associated 
domain 
GO:0030001: metal ion 
transport/GO:0046872
: metal ion binding 
GRMZM2G036286 5 208,070,590 208,072,068 5_208072011 
Protein of unknown function 
DUF581 
NA 
GRMZM2G035708 5 208,075,404 208,077,094 5_208072011 
Peptidyl-prolyl cis-trans 
isomerase, FKBP-type, 
domain 
GO:0000413: protein 
peptidyl-prolyl 
isomerization/GO:0031
679: NADH 
dehydrogenase 
(plastoquinone) 
activity 
GRMZM2G335930 5 208,084,718 208,087,661 5_208072011 
Inositol polyphosphate-
related phosphatase 
GO:0046856: 
phosphatidylinositol 
dephosphorylation/GO
:0048765: root hair cell 
differentiation 
GRMZM5G897224 5 211,176,014 211,177,381 5_211181286 NA NA 
GRMZM5G834734 5 211,177,564 211,178,371 5_211181286 NA NA 
GRMZM2G080452 5 211,178,832 211,181,350 5_211181286 NA NA 
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GRMZM2G151397 5 211,194,983 211,197,546 5_211181286 Ribonuclease H-like domain 
GO:0003676: nucleic 
acid binding 
GRMZM2G444845 6 62,449,718 62,454,738 6_62451341 Ubiquitin domain 
GO:0051087: 
chaperone binding 
 
GRMZM2G077837 
6 62,544,640 62,546,937 6_62552803 
Peroxisomal biogenesis 
factor 11 
GO:0007623: circadian 
rhythm/GO:0009506: 
plasmodesma/GO:001
6559: peroxisome 
fission 
GRMZM2G380377 6 62,553,730 62,555,335 6_62552803 AP2/ERF domain 
GO:0006351: 
transcription, DNA-
templated 
GRMZM2G078458 6 62,556,242 62,566,733 6_62552803 NA NA 
GRMZM2G093789 6 89,240,540 89,253,660 6_89238723 SANT/Myb domain 
GO:0003682: 
chromatin 
binding/GO:0008531: 
riboflavin kinase 
activity 
GRMZM2G044864 6 135,413,038 135,420,176 6_135413930 Kinetochore protein Nuf2 NA 
GRMZM5G889326 6 137,290,556 137,292,016 6_137303077 Transcription factor GRAS 
GO:0006355: 
regulation of 
transcription, DNA-
templated 
AC233942.1_FG001 6 137,303,484 137,306,425 6_137303077 F-box domain, cyclin-like 
GO:0005515: protein 
binding 
GRMZM2G026188 6 166,072,020 166,072,887 6_166076920 
Protein of unknown function 
DUF1645 
NA 
GRMZM2G325850 6 166,077,055 166,078,403 6_166076920 Zinc finger, GATA-type 
GO:0006355: 
regulation of 
transcription, DNA-
templated 
GRMZM2G413162 6 166,858,928 166,861,494 6_166871527 
Cas1p 10 TM acyl 
transferase domain 
NA 
GRMZM2G458538 6 166,878,603 166,881,699 6_166871527 
Cas1p 10 TM acyl 
transferase domain 
NA 
GRMZM2G159028 6 166,882,444 166,885,328 6_166871527 
RNA recognition motif 
domain 
GO:0000166: 
nucleotide binding 
GRMZM2G159016 6 166,885,737 166,887,580 6_166871527 
Peptidase S10, serine 
carboxypeptidase 
GO:0004185: serine-
type carboxypeptidase 
activity 
GRMZM2G102255 6 167,404,554 167,407,544 6_167409596 Protein phosphatase 2C 
GO:0004722: protein 
serine/threonine 
phosphatase activity 
GRMZM2G438652 7 3,074,095 3,075,158 7_3073179 Basic-leucine zipper domain 
GO:0003700: 
transcription factor 
activity, sequence-
specific DNA binding 
GRMZM2G129175 7 5,552,243 5,552,924 7_5562172 NA NA 
GRMZM2G090104 7 5,563,105 5,565,198 7_5562172 F-box domain, cyclin-like 
GO:0005515: protein 
binding 
GRMZM2G011314 7 5,612,557 5,613,983 7_5612921 
Protein of unknown function 
DUF1365 
NA 
GRMZM2G087575 7 6,497,659 6,499,201 7_6493410 NA NA 
GRMZM2G087585 7 6,505,158 6,505,622 7_6493410 NA NA 
GRMZM2G032071 7 156,852,030 156,858,510 7_156851756 Zinc finger, RING-type 
GO:0005515: protein 
binding/GO:0008270: 
zinc ion binding 
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GRMZM2G351484 7 164,772,047 164,772,840 7_164784147 NA NA 
GRMZM2G351482 7 164,773,195 164,774,400 7_164784147 Lipase, GDXG, active site 
GO:0008152: 
metabolic 
process/GO:0016787: 
hydrolase activity 
GRMZM2G049176 7 164,777,649 164,778,396 7_164784147 NA NA 
 
GRMZM2G049077 
7 164,784,393 164,787,305 7_164784147 
Heavy metal-associated 
domain 
GO:0030001: metal ion 
transport 
GRMZM2G038338 7 164,987,611 164,991,250 7_164997506 NA 
GO:0009941: 
chloroplast envelope 
GRMZM2G038303 7 164,991,494 164,995,805 7_164997506 
CCAAT-binding transcription 
factor 
GO:0006355: 
regulation of 
transcription, DNA-
templated 
GRMZM2G038066 7 164,998,583 165,005,496 7_164997506 Zinc finger, PHD-type 
GO:0005515: protein 
binding 
GRMZM2G093902 7 165,010,727 165,014,158 7_164997506 
Ribosomal protein S3, C-
terminal 
GO:0003735: structural 
constituent of 
ribosome 
GRMZM2G062651 7 165,582,186 165,586,607 7_165567539 
Serine/threonine-protein 
kinase 
GO:0004672: protein 
kinase activity 
GRMZM2G068091 8 117,862,880 117,869,593 8_117848722 NLI interacting factor 
GO:0005515: protein 
binding 
GRMZM2G135586 8 173,788,083 173,793,095 8_173806915 
HAD-superfamily hydrolase, 
subfamily IA, variant 1 
GO:0008531: riboflavin 
kinase 
activity/GO:0008967: 
phosphoglycolate 
phosphatase activity 
GRMZM2G040970 8 173,797,960 173,800,918 8_173806915 Pentatricopeptide repeat NA 
GRMZM2G160444 8 173,804,814 173,806,757 8_173806915 
Interactor of constitutive 
active ROPs 4 
NA 
GRMZM2G403010 8 173,809,806 173,810,539 8_173806915 
Interactor of constitutive 
active ROPs 4 
NA 
GRMZM2G449165 8 174,271,215 174,274,365 8_174271782 NA NA 
GRMZM2G148985 8 174,276,790 174,282,847 8_174271782 
Casein kinase substrate, 
phosphoprotein PP28 
NA 
GRMZM2G058470 9 129,266,842 129,267,855 9_129269071 NA NA 
GRMZM2G058522 9 129,274,385 129,278,107 9_129269071 
Superoxide dismutase 
(Cu/Zn) 
GO:0004784: 
superoxide dismutase 
activity/GO:0055114: 
oxidation-reduction 
process 
GRMZM2G310674 10 16,355,064 16,361,012 10_16343079 Ribonuclease H-like domain 
GO:0003676: nucleic 
acid 
binding/GO:0004527: 
exonuclease activity 
AC225173.3_FG002 10 63,490,129 63,493,365 10_63497324 NA NA 
GRMZM2G086496 10 80,042,433 80,048,640 10_80044584 
Proton-dependent 
oligopeptide transporter 
family 
GO:0006857: 
oligopeptide transport 
GRMZM2G385989 10 80,051,165 80,055,128 10_80044584 
Vesicle-associated 
membrane protein 
GO:0005198: structural 
molecule activity 
GRMZM2G054537 10 142,505,503 142,509,165 10_142510987 NA 
GO:0005739: 
mitochondrion/GO:005
0897: cobalt ion 
binding 
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Table 6 (Continued) 
 
Gene ID Chr Start (bp) End (bp) Associated SNP 
Selected Protein 
Domain Descriptions 
Selected GO 
Terms 
GRMZM2G354209 10 142,510,855 142,511,765 10_142510987 
Auxin responsive SAUR 
protein 
NA 
Sb02g043530 2 77,334,150 77,339,015 2_77344325 Alpha-L-arabinofuranosidase NA 
Sb02g043540 2 77,341,066 77,345,464 2_77344325 Nucleic acid-binding, OB-fold NA 
Sb02g043550 2 77,349,180 77,350,564 2_77344325 
Concanavalin A-like 
lectin/glucanase, subgroup 
NA 
 
Sb02g043560 
2 77,357,765 77,361,137 2_77344325 RINT-1/TIP-1 NA 
Sb03g046270 3 73,407,470 73,409,421 3_73418591 None NA 
Sb03g046280 3 73,413,648 73,414,655 3_73418591 Armadillo-type fold NA 
Sb03g046290 3 73,420,125 73,422,708 3_73418591 Glycosyltransferase AER61 NA 
Sb03g046300 3 73,427,054 73,427,962 3_73418591 
Trypsin-like cysteine/serine 
peptidase domain 
NA 
Sb03g046310 3 73,430,936 73,431,654 3_73418591 None NA 
Sb03g046315 3 73,431,780 73,432,139 3_73418591 None NA 
Sb04g030760 4 60,735,694 60,739,260 4_60750755 
S-adenosyl-L-methionine-
dependent 
methyltransferase-
like|Tocopherol O-
methyltransferase 
NA 
Sb04g030770 4 60,755,202 60,770,249 4_60750755 
Glutamine-Leucine-
Glutamine, QLQ 
NA 
Sb07g023620 7 58,527,469 58,531,884 7_58540644 Coactivator CBP, KIX domain NA 
Sb07g023630 7 58,532,131 58,537,878 7_58540644 None NA 
Sb07g023640 7 58,538,914 58,541,273 7_58540644 
FAD-dependent pyridine 
nucleotide-disulphide 
oxidoreductase 
NA 
Sb07g023645 7 58,543,578 58,543,892 7_58540644 
Transposase, Tnp1/En/Spm-
like 
NA 
Sb09g028290 9 57,217,748 57,218,702 9_57231987 
Transcription factor TGA like 
domain 
NA 
Sb09g028300 9 57,219,361 57,222,245 9_57231987 Protein kinase domain NA 
Sb09g028310 9 57,225,510 57,227,469 9_57231987 
Galactose oxidase, beta-
propeller 
NA 
Sb09g028320 9 57,229,587 57,231,973 9_57231987 
UDP-glucuronosyl/UDP-
glucosyltransferase 
NA 
Sb09g028330 9 57,233,297 57,236,234 9_57231987 F-box domain NA 
Sb09g028340 9 57,236,783 57,237,123 9_57231987 None NA 
Sb09g028350 9 57,244,363 57,245,681 9_57231987 SANT/Myb domain NA 
Sb09g028460 9 57,366,753 57,369,272 9_57383557 
E3 SUMO-protein ligase 
Nse2 (Mms21) 
NA 
Sb09g028470 9 57,375,002 57,378,686 9_57383557 
Ribosomal protein L24e 
domain 
NA 
Sb09g028480 9 57,383,950 57,384,959 9_57383557 FAS1 domain NA 
Sb09g028490 9 57,387,642 57,389,079 9_57383557 FAS1 domain NA 
Sb09g028500 9 57,396,856 57,397,942 9_57383557 Glutaredoxin NA 
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CHAPTER 5.  GENERAL CONCLUSIONS 
 
Despite over a century’s worth of research, significant advances are still being made 
into lignin biosynthesis. Mutants for lignin content and composition provide promising 
opportunities to uncover previously unknown controls of lignin. In maize, there are now six 
characterized brown midrib (bm) mutants (Vignols et al., 1995; Halpin et al., 1998; Chen et 
al., 2012b; Tang et al., 2014; Li 2015; Méchin et al., 2015). Five of these six are known to 
affect lignin content and composition, yet only two (bm1 and bm3) had been successfully 
cloned prior to the publications presented in this dissertation (Vignols et al., 1995; Halpin et 
al., 1998). Next generation sequencing (NGS) technologies have since enabled the 
development of approaches that allow rapid cloning of genes (Liu et al., 2012; Li et al., 
2013). In Chapter 2, we detailed the cloning of brown midrib2 (bm2) using a combination of 
these NGS-based approaches, map-based cloning, and transcriptomic analyses. We found 
bm2 encodes a functional methylenetetrahydrofolate reductase (MTHFR). MTHFR functions 
in the synthesis of methionine, which is subsequently used to synthesize a critical methyl 
donor, S-adenosyl-L-methionine (SAM). Previous studies have shown knocking out SAM 
synthetase suppresses lignin biosynthesis (Shen et al., 2002). In agreement with this 
observation, mutations in bm2 resulted in plants with a 7% reduction in lignin content 
relative to wild-type (WT) siblings. Additionally, a 16-40% increase in the S/G lignin ratio was 
also observed in bm2 mutants, suggesting perturbations in methyl donor concentrations 
unequally impact synthesis of the different types of lignin. 
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Building on the findings presented in Chapter 2, we also cloned the maize brown 
midrib4 (bm4) gene using similar approaches (Chapter 3). Lignin analyses confirmed the 
bm4 mutation’s impact on lignin content and composition. Again, we found the gene 
underlying bm4 functioned outside of the known lignin biosynthetic pathway. bm4 encodes 
a functional folylpolyglutamate synthase (FPGS), which generates the preferred substrates 
of folate-dependent enzymes – polyglutamylated folates (Cossins and Chen, 1997). It was 
the prior knowledge of bm2’s function that allowed us to make the connection that FPGS 
(BM4) acts upstream of the methylation pathway to polyglutamylate folate substrates of 
MTHFR (BM2). Consistent with this hypothesis, we found the lignin content and 
composition changes in the two bm mutants was similar, including reduced lignin content 
and elevated S/G lignin ratio. Additionally, subcellular localization suggests BM4 is localized 
to the cytosol with BM2. Perhaps more significantly, bm4 encoding FPGS implicates one 
carbon (C1) metabolism in lignin formation. Taking both bm2 and bm4 into account, these 
results demonstrate how carbon partitioning within these larger metabolic pathways 
ultimately influences lignin biosynthesis.  
In Chapter 4, we explored lignin’s more general contribution to crop stover carbon 
emission and how environment and genetics work to control this trait. As climate change 
intensifies, the continued accumulation of CO2 in the atmosphere poses potentially 
irreversible threats to the environment and infrastructure (Core Writing Team, 2015). In 
addition to the many approaches proposed for mitigating climate change, exploiting the 
natural carbon cycle of plants to sequester excess atmospheric C in the soil is a promising 
strategy (Metz et al., 2005; Committee on Geoengineering Climate, 2015). In Chapter 4, we 
186 
 
explored the potential of this strategy by investigating the genetic and environmental 
controls of C emission from crop stover using over 6,000 maize and sorghum genotypes. In 
order to assay these many thousands of samples, we developed an easy, sensitive, and 
high-throughput method for phenotyping C emission from soil containing plant stover. This 
method provides a useful tool for others as it is broadly applicable to all plant species and 
soil types. 
Importantly, we observed previously reported correlations of lignin and other 
compositional traits with C emission (Franck et al., 1997; Gorrisen and Cotrufo, 2000; 
Johnson et al., 2007; LeRoy et al., 2007; Walela et al., 2014). Expanding on these 
observations, we found that the strength of these correlations, but not the directions, 
varied across environments. To further dissect these environmental influences, we 
examined the dynamics of C emission across genotypes and environments and how these 
patterns correlated with lignin and related traits. Across years and environments, decay 
dynamics appeared to be affected by tissue maturity and lignin content. Older samples with 
higher lignin content preferentially displayed slow, steady C emission over time while 
fresher samples with lower lignin content were characterized by a sharp peak in C emission 
followed by steady emission. This was true for both maize and sorghum. Still, lignin and 
other compositional traits were only able to explain up to 48% of variation in C emission 
observed across maize genotypes. Consistent with an important role for environment, both 
C emission, lignin, and other traits varied significantly across environments for the same 
genotype. 
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Despite this role for environmental variation, adequate genetic control exists for C 
emission and related compositional traits to allow for moderate heritability estimates and 
genomic prediction accuracy. Additionally, GWAS for C emission was able to identify 
numerous promising candidate genes that could serve as breeding targets for generating 
varieties with enhanced carbon sequestration potential. Importantly, we found no evidence 
to suggest that breeding for lower C emission would impact agronomically important traits 
such as yield. 
Taken together, this research provides significant insights into the interplay between 
lignin biosynthesis and various physiological processes. In particular, we have expanded on 
the known connection between lignin and plant stover C emission to uncover other 
important controls of this trait. In the future, we hope that these findings and methods can 
be applied to other crops and enable the breeding and widespread adoption of varieties 
that enhance energy production, forage quality, and environmental remediation. 
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